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 A B S T R A C T

In today’s data-driven world, enterprises face the dual challenge of deriving value from vast datasets and 
effectively communicating insights. While data storytelling is integral for conveying insights, existing authoring 
tools often fail to fully leverage domain expertise or support the entire storytelling process. This paper intro-
duces StoryPoint, an open-source data story authoring tool that combines domain expertise with Generative 
AI to dynamically enhance data story creation. We found that enabling domain experts to intuitively visualize 
data via natural language inputs, supported by automatically generated charts and narratives, helps narrow 
the gap between visualization and interpretation. To design StoryPoint, we followed a literature-grounded and 
user-centered design approach. A formative evaluation with eight domain experts reveals StoryPoint’s efficacy 
in rapid data story prototyping. A summative evaluation, including (i) a small-scale experiment comparing 
StoryPoint with a benchmark, (ii) a large-scale online experiment with 104 crowdworkers, and (iii) three 
real-world industry cases, underscores its utility. Our findings highlight that StoryPoint reduces data story 
creation time by more than 50% compared to the benchmark, receives significantly higher usability ratings, 
and supports the creation of data stories rating higher in readability, fluency, clarity, and trustworthiness.
1. Introduction

Nowadays, the utilization of data for informed decision-making and 
gaining valuable insights has become a cornerstone for supporting daily 
business operations (Trieu et al., 2022). Consequently, the abundance 
of data presents both an opportunity and a challenge, underscoring the 
need to derive meaningful value from it (Abbasi et al., 2016). However, 
the visualization of data alone does not inherently deliver value for 
users - the insights contained must be communicated suitably to the 
appropriate users in the right format (Watson, 2017; Gunklach et al., 
2024). Recent research has shown that individuals who rely on data 
to make decisions often find it difficult to interpret and understand 
the information presented (Lennerholt et al., 2021). This underscores 
the growing significance of data storytelling as a means of presenting 
data-driven information (Boldosova and Luoto, 2019). Data storytelling 
is an approach for conveying data-driven insights using narratives in 
combination with visualizations that engage audiences and supports 
the efficiency and effectiveness of information retrieval and insight 
comprehension (Shao et al., 2024).

In enterprises, data storytelling has emerged as a transformative 
practice that enhances decision-making across operational, tactical, and 
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strategic levels (Amini et al., 2018; Ramm et al., 2021). Unlike conven-
tional dashboards, data stories aim to provide contextualized insights 
to align with specific organizational decision-making goals (Gunklach 
et al., 2023). Tory et al. (2022) identify two distinct ways enterprises 
rely on data to make these decisions: conversations with data and 
conversations around data. Conversations with data involve straight-
forward tasks such as monitoring KPIs, tracking metrics, or identifying 
trends (typically on the operational level). In contrast, conversations 
around data address complex, abstract problems that require synthesis 
of data including contextual understanding such as deciding to enter a 
new geographical market or invest in the development of an innovative 
product (on the tactical and strategic levels). Empirical research high-
lights that well-constructed data stories streamline operations, enhance 
strategic planning, and foster a culture of data-driven decision-making 
by aligning employees with organizational goals and improving in-
sight comprehension through narrative sensemaking (Kandel et al., 
2012; Boldosova and Luoto, 2019, 2020). Moreover, integrating data 
storytelling techniques, such as explanatory elements and targeted 
visual cues, significantly improves the accuracy and efficiency of data 
interpretation, making insights more actionable and relevant in diverse 
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organizational contexts (Gunklach et al., 2023; Shao et al., 2024). 
Despite these advantages, enterprises face persistent challenges in im-
plementing data storytelling effectively, including aligning insights 
with decision-making objectives (Tory et al., 2022), managing collabo-
ration across roles in the storytelling process (Crisan et al., 2020), and 
addressing the domain-specific nature of storytelling (Gunklach et al., 
2023).

Crafting effective data stories is inherently complex and highly 
creative, requiring not only technical expertise but also a deep un-
derstanding of organizational context and stakeholder needs (Zhao 
et al., 2023; Hu et al., 2018). This process involves identifying patterns, 
structuring narratives, and selecting appropriate visualizations for the 
target audience (Lee et al., 2015; Chevalier et al., 2018) — tasks 
made more challenging by the political and contextual dynamics that 
influence how data is framed and interpreted (Baumer et al., 2022). The 
storytelling process further necessitates collaboration among multiple 
roles: analysts are skilled at data analysis but often lack domain-
specific knowledge, while domain experts provide contextual insights 
but in practice regularly lack technical proficiency (Crisan et al., 2020). 
Hence, these roles form bottlenecks due to frequent feedback loops 
that slow the process and risk loss of critical insights (Lennerholt 
et al., 2021). Despite the availability of existing data storytelling tools 
such as Calliope (Shi et al., 2021) or DataShot (Wang et al., 2020), 
significant gaps persist for enterprise data storytelling. Recent research 
shows that most tools fail to integrate domain knowledge effectively, 
resulting in generic outputs that require manual refinement, and lack 
comprehensive support across all storytelling stages, focusing instead 
on isolated phases (Li et al., 2024). Additionally, static outputs, the 
absence of iterative feedback mechanisms, and limited integration with 
enterprise systems hinder adaptability and scalability for enterprise 
contexts (Ren et al., 2023).

Recognizing these limitations, recent advances in Generative AI 
(GenAI) have sought to address parts of this challenge by automat-
ing elements of the storytelling process (Chen et al., 2023). Tools 
like Tableau’s Pulse and Microsoft’s Copilot for Power BI leverage 
conversational analytics to automate querying, narrative generation, 
and visualization, enabling users to interact with data more intu-
itively (Tableau, 2025; Microsoft Corporation, 2025). However, while 
GenAI excels at automating repetitive tasks, it cannot replace the 
nuanced understanding and contextual knowledge that domain ex-
perts bring to storytelling (Hutchinson et al., 2024; He et al., 2024). 
Generic AI-generated narratives and visualizations often require sig-
nificant adaptation to align with business-specific goals, limiting their 
effectiveness as standalone solutions (Jung et al., 2025; Holzinger et al., 
2022). Research has shown that domain-specific AI systems outperform 
more general-purpose models, highlighting the value of embedding 
domain expertise into tool design (Logeshwaran et al., 2024). This 
motivates our research to explore the following research questions: (1) 
What design principles should data visualization tools follow to effectively 
support domain experts in the data storytelling process? (2) How effective 
are these design principles in improving the efficiency and effectiveness of 
domain experts in creating data stories?

To answer these questions, we conducted a human-centered design 
study relying on two complementary development approaches: (1) a 
rigorous literature-grounded approach, where we conducted a system-
atic literature review on data storytelling, and (2) a user-centered 
design approach, where we conducted twelve semi-structured inter-
views with domain experts. We combined both to carefully derive 
requirements and design principles, based upon which we built a 
prototype, namely StoryPoint, to test different design hypotheses with 
potential users. To determine the impact of the first prototypical in-
stantiation of StoryPoint on domain experts’ ability to create compelling 
data stories, we started with a formative evaluation with eight domain 
experts using think-aloud sessions. On this basis, we refined StoryPoint
and finally conducted a summative evaluation, encompassing a small-
scale experiment with domain experts, a large-scale online experiment 
2 
with 104 crowdworkers, and real-world data visualization use cases to 
assess the efficiency and effectiveness of its design principles. We found 
that domain experts were able to create quick data story prototypes 
with the help of StoryPoint by relying on natural language input, 
pre-calculated charts, and automatically generated narratives.

Our work has three main contributions: First, through a comprehen-
sive requirements elicitation process conducted in the form of a system-
atic literature review and 12 interviews, we formulate design principles 
that provide a solid foundation for supporting data storytelling in 
enterprises. Second, with StoryPoint we introduce the first open source1 
data story authoring tool. StoryPoint introduces a novel approach that 
enables the integration of domain expertise into data storytelling work-
flows. By adapting the LLMs used for narrative and chart creation to 
include contextual metadata and user-defined story purposes, StoryPoint
addresses the persistent challenge of creating domain-specific narra-
tives and visualizations. This ensures that domain expertise is actively 
embedded into the storytelling process, addressing both technical and 
contextual challenges. By making our tool freely available to the public, 
we aim to enhance accessibility, foster future research, and continually 
improve data storytelling practices. Third, we empirically demonstrate
StoryPoint ’s utility by following a rigorous research and engineering 
process that includes a formative evaluation with eight domain experts 
and a subsequent summative evaluation. The summative evaluation 
comprises three parts: (i) a small-scale experiment with domain experts 
involving two different tasks in which StoryPoint is systematically com-
pared to a benchmark, (ii) a large-scale online experiment involving 
104 crowdworkers from Prolific, in which the quality of the data stories 
generated with StoryPoint is evaluated against those of the benchmark, 
and (iii) real data visualization use cases with authentic enterprise 
data that demonstrate the versatility and capabilities of StoryPoint
in implementing different use cases. Additionally, in our evaluation 
we introduced scales for assessing narrative elements and data story 
quality - these scales not only provide robust metrics for evaluating 
StoryPoint but can also serve as a valuable framework for future 
research on data story quality across different tools and contexts. Lastly, 
for practical implications, we propose that StoryPoint’s approach to in-
tegrating domain expertise into GenAI-supported data storytelling can 
inspire new directions for enterprise tools. Our intention is to empower 
organizations to leverage data storytelling effectively, facilitating the 
creation of compelling narratives around their data. In conclusion, our 
work contributes not only to the advancement of data storytelling but 
also to the broader landscape of data visualization. By providing the 
open source data story authoring tool StoryPoint and the opportunity to 
instantiate our design principles in commercial data visualization tools, 
we strive to make meaningful strides toward improved data literacy, 
defined by the OECD as ‘‘the ability to derive meaningful information 
from data [...] including how to read charts appropriately’’ (OECD, 
2020), thus contributing to the OECD Learning Compass 2030, em-
powering learners to navigate and create in an increasingly data-rich 
world (OECD, 2019).

2. Background and related work

In this section, we first provide the necessary background on the 
role of data storytelling in enterprises before reviewing prior tools 
that informed the design of StoryPoint. We further discuss the recent 
emergence of GenAI for storytelling and human–AI collaboration, and 
conclude by linking these areas of work to our research questions.

1 Source code and live demo of StoryPoint: https://github.com/Eliasm001/
StoryPoint/tree/main or story-point.de.
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2.1. Background: Data storytelling in the enterprise context

Data storytelling in enterprises is a transformative approach that 
integrates data visualization, narrative construction, and domain ex-
pertise to enhance decision-making and foster understanding across 
organizational levels (Showkat and Baumer, 2021). Following the sem-
inal work of Segel and Heer (2010), this interdisciplinary practice has 
been recognized as a powerful technique for addressing the challenges 
inherent in complex, data-rich environments. Research highlights its 
benefits: Kandel et al. (2012) show that effective data stories streamline 
operations, uncover inefficiencies, and improve strategic planning. Bol-
dosova and Luoto (2019) emphasize its role in fostering a data-driven 
culture and aligning employees with organizational goals. Further-
more, Boldosova and Luoto (2020) argue that storytelling improves 
data interpretation and decision-making by engaging stakeholders emo-
tionally and cognitively, increasing relevance and utility. Gunklach 
et al. (2023) highlight how narrative elements improve transparent 
interaction with the data story and ensure insights are actionable, 
while Shao et al. (2024) demonstrate that embedding storytelling el-
ements into visualizations enhances data comprehension and retrieval 
accuracy. However, despite these benefits, enterprises face challenges 
in implementing storytelling effectively.

One of the most significant is the need for collaboration across 
roles along the data storytelling process. The foundation of this 
process, as conceptualized by Lee et al. (2015) and expanded upon 
by Li et al. (2024), involves four stages: (1) analysis, (2) planning, 
(3) implementation, and (4) communication. (1) Analysis involves 
working with large, heterogeneous datasets from various platforms, 
identifying patterns and trends aligned with strategic goals using AI-
powered tools. (2) Planning structures insights into coherent narratives, 
determining relevant findings and communication methods (Segel and 
Heer, 2010). (3) Implementation creates visual and textual narratives, 
often using tools like Tableau or Power BI (Chevalier et al., 2018). (4) 
Communication ensures tailored delivery for diverse audiences through 
dashboards, reports, or live presentations (Brehmer and Kosara, 2021). 
Collaboration in this context requires seamless transitions between 
stakeholders. Crisan et al. (2020) describe this as a ‘‘baton-passing’’ 
process, where roles such as data engineers, scientists, analysts, and 
decision-makers each contribute specific expertise (Gunklach et al., 
2025). Data engineers ensure data readiness, data scientists uncover 
patterns, analysts contextualize findings, and decision-makers translate 
insights into actionable strategies. Domain experts play a critical role, 
offering deep knowledge of specific business domains to ensure that 
data stories are accurate and contextually meaningful (Hu et al., 2018). 
However, the necessity for multiple feedback loops between analysts 
and domain experts often creates bottlenecks (Lennerholt et al., 2021). 
For instance, in one of our interviews (DE23), a product manager 
described how weeks of back-and-forth with analysts were required 
to align KPIs with customer segmentation data, ultimately delaying 
critical business decisions.

A second challenge relates to the role of data storytelling in 
enterprises which is closely tied to supporting decision-making at 
operational, tactical, and strategic levels. At the operational level, 
storytelling helps monitor daily activities, such as tracking sales per-
formance or optimizing production processes. Tactical storytelling in-
forms medium-term decisions, such as marketing campaign adjust-
ments or supply chain improvements. At the strategic level, narratives 
shape long-term objectives, like market expansion or digital transfor-
mation. Tory et al. (2022) identify two fundamental approaches to 
leveraging data for decision-making: ‘‘conversations with data’’ and 
‘‘conversations around data’’. Conversations with data focus on straight-
forward tasks, such as checking KPIs or historical trends, requiring 
minimal interpretation. In contrast, conversations around data involve 
abstract, complex problems requiring synthesis, interpretation, and 
domain expertise to foster foresight and innovation. Achieving these 
decision-making goals requires more than just presenting accurate data; 
3 
it also involves carefully navigating how stories are crafted and per-
ceived. Baumer et al. (2022) emphasize that the framing and represen-
tation of data in storytelling are inherently political acts, shaped by or-
ganizational priorities and power dynamics. Choices about which data 
to highlight, how to present it, and whose perspectives to include can 
significantly influence decision-making outcomes. These decisions may 
unintentionally reinforce existing power structures or privilege cer-
tain viewpoints, potentially misaligning narratives with organization’s 
broader goals.

Finally, the domain-specific nature of data storytelling in en-
terprises poses significant challenges, reflecting the diversity of in-
dustries and their unique data environments (Gunklach et al., 2023). 
Different business domains necessitate tailored approaches for contex-
tualized data storytelling due to their distinct processes, priorities, and 
data characteristics (Kim et al., 2024). Enterprises often manage vast 
datasets sourced from transactional systems, IoT devices, and customer 
platforms, which are typically heterogeneous, encompassing structured, 
semi-structured, and unstructured formats (Kandel et al., 2012). Story-
telling tools must not only harmonize these datasets at scale but also 
accommodate industry-specific requirements. For instance, healthcare 
organizations emphasize patient outcomes and regulatory compliance, 
while retail enterprises prioritize customer segmentation and inven-
tory management. Customization of metrics, visualizations, and narra-
tive elements ensures that storytelling aligns with industry standards, 
enhancing its relevance and impact.

2.2. Related work

Data storytelling has emerged as a pivotal practice in data com-
munication, enabling users to derive actionable insights from complex 
datasets. Over the years, a wide range of tools has been developed 
to support the creation of data stories, each tailored to specific pur-
poses and user groups. These tools vary significantly in their goals, 
target users, and features, often categorized by their focus on distinct 
stages of the storytelling process—analysis, planning, implementation, 
or communication (Chen et al., 2023). In addition to these functional 
distinctions, Li et al. (2024) suggest that data storytelling tools should 
also be evaluated by their collaboration dynamics, which describe how 
human and AI agents interact during the storytelling process. Collabo-
ration types include creators, assistants, optimizers, and reviewers, with 
roles that may be performed either by humans or AI. For this review, we 
focus on data storytelling tools (see Table  1 for an overview) identified 
in recent literature (Chen et al., 2023; Li et al., 2024; Ren et al., 2023) 
that are suitable for enterprise use, producing outputs such as data 
stories, dashboards, or dynamic reports while supporting non-technical 
users in crafting meaningful narratives.

The first group of tools focuses exclusively on implementation. 
ChartAccent (Ren et al., 2017) enhances static charts with annota-
tions, allowing users to emphasize specific data points or trends, while 
Text-to-Viz (Cui et al., 2019) automates the creation of infograph-
ics from textual descriptions. However, these tools lack integration 
with earlier stages like analysis and planning, limiting their utility 
in enterprise contexts where seamless transitions are essential. The
second group, which spans analysis to implementation, includes tools 
that provide broader support for storytelling workflows. Erato Sun et al. 
(2022) integrates collaborative workflows, blending human creativity 
with AI assistance to structure narratives and generate visualizations. 
Notable (Li et al., 2023) employs embedding-based approaches to 
recommend narrative templates and supports dashboard creation. Sim-
ilarly, Datashot (Wang et al., 2020) applies text mining and AI-driven 
layout optimization to generate fact sheets summarizing dataset trends. 
Calliope (Shi et al., 2021) combines Bayesian modeling for multivariate 
analysis with Monte Carlo search trees for visualization optimization. 
While these tools streamline workflows and enable insight generation, 
their outputs are often generic and require significant adaptation to 
align with specific enterprise contexts. The third group focuses solely 



J. Gunklach et al. International Journal of Human - Computer Studies 205 (2025) 103655 
Table 1
This table compares data storytelling tools across the stages of analysis, planning, implementation, and communication. Most data storytelling tools lack 
comprehensive support across all stages, often producing static outputs and failing to integrate domain knowledge or enterprise workflows.
 Tool Analysis Planning Implementation Communication  
 Group 1: Implementation
 ChartAccent (Ren et al., 
2017)

Not Available. Not Available. Enhances static charts with 
annotations.

Not Available.  

 Text-to-Viz (Cui et al., 
2019)

Not Available. Not Available. Converts text into static 
infographic visualizations.

Not Available.  

 Group 2: Analysis to Implementation
 Erato (Sun et al., 2022) Collaborative annotations 

for exploration.
Story goals and chart 
editing for teams.

Timeline-based 
collaborative narratives.

Not Available.  

 Notable (Li et al., 
2023)

Not Available. Narrative templates based 
on data.

Interactive dashboards 
with story elements.

Not Available.  

 Datashot (Wang et al., 
2020)

Summary statistics and 
correlations.

Trend extraction for 
summary visualization.

Static fact sheets. Not Available.  

 Calliope (Shi et al., 
2021)

Multivariate analysis. Dynamic chart suggestions 
based on user input.

Automated visualizations 
and short narratives.

Not Available.  

 Group 3: Communication
 SketchStory (Lee et al., 
2013)

Not Available. Not Available. Not Available. Live storytelling with 
digital sketches.

 

 Group 4: End-to-End
 CLUE (Gratzl et al., 
2016)

Manual feature selection. Templates for 
domain-specific contexts.

Manual visualization 
creation.

Static report.  

 InsideInsights (Mathisen 
et al., 2019)

Interactive variable 
filtering.

User-defined narrative 
structures.

Exploratory analysis with 
minimal automation.

Text-based commentary 
integration.

 

. 
on communication. SketchStory (Lee et al., 2013) facilitates live pre-
sentations using hand-drawn sketches on digital interfaces, offering an 
interactive approach to engage audiences. However, it lacks integration 
with earlier stages like analysis or planning and does not support real-
time feedback or adaptability during presentations. Finally, the fourth 
group encompasses end-to-end tools that span the entire storytelling 
process, from analysis to communication. CLUE (Gratzl et al., 2016) 
integrates exploratory data analysis with predefined templates to struc-
ture narratives, while InsideInsights (Mathisen et al., 2019) provides 
user-driven workflows that support all storytelling stages. Despite their 
comprehensive approaches, these tools rely heavily on manual input 
and offer limited assistance for chart creation or narrative generation.

The recent wave of GenAI systems has profoundly influenced how 
data stories are authored, interpreted, and communicated (Li et al., 
2025). Large language models and multimodal models have expanded 
the output space of storytelling tools, enabling narratives, summaries, 
and visualizations to be generated from simple natural language prompts
Tableau Pulse (Tableau, 2025) delivers contextual insights by gener-
ating natural-language summaries of key metrics, surfacing anomalies 
and trends. Microsoft Power BI integrates Copilot and Smart Narrative 
features, which suggest visualizations and automatically produce tex-
tual explanations of dashboards (Microsoft Corporation, 2025) Such 
tools demonstrate the potential of GenAI to accelerate analysis, in-
crease accessibility, and reduce reliance on technical specialists. These 
advances have diversified human–AI collaboration patterns: whereas 
earlier systems mainly positioned AI as a low-value assistant, newer 
approaches increasingly support AI-creator and human-reviewer work-
flows, where AI drafts stories and visualizations that domain experts 
validate and refine (Li et al., 2025). This shift lowers entry barriers 
for non-technical users, while reinforcing the continued importance of 
human oversight to ensure contextual accuracy and interpretability.

However, while GenAI excels at automating repetitive tasks, it 
cannot replace the nuanced understanding and contextual knowledge 
that domain experts bring to storytelling (Hutchinson et al., 2024; He 
et al., 2024). Generic AI-generated narratives and visualizations often 
require significant adaptation to align with business-specific goals, 
limiting their effectiveness as standalone solutions (Jung et al., 2025; 
Holzinger et al., 2022). Research has shown that domain-specific AI 
systems outperform more general-purpose models, highlighting the 
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value of embedding domain expertise into tool design (Logeshwaran 
et al., 2024). Consequently, despite the diversity of both academic 
and industry tools, significant gaps remain for enterprise data sto-
rytelling (see Table  C.6). Most systems fail to effectively integrate 
domain knowledge, resulting in fluent but generic outputs that re-
quire extensive manual refinement (Li et al., 2024). Comprehensive 
support across all storytelling stages is rare—only a small subset of 
tools span implementation (see group 1 in Table  1), analysis, planning, 
implementation (group 2), and communication (group 3). In group 
4, we have clustered end-to-end tools, such as CLUE (Gratzl et al., 
2016) and InsideInsights (Mathisen et al., 2019), which nominally 
cover the full pipeline but rely heavily on manual input: users must 
select features, design templates, and construct narratives largely on 
their own. This not only limits scalability but also leads to outputs 
that are generic rather than enterprise-specific. Outputs are often static, 
constraining adaptability to dynamic audiences or real-time updates, 
and iterative feedback mechanisms for collaborative storytelling are 
frequently absent (Ren et al., 2023). Integration with enterprise systems 
represents another critical gap, as most tools operate as standalone 
solutions disconnected from organizational workflows.

StoryPoint directly addresses these limitations by spanning all story-
telling stages - analysis, planning, implementation, and communication 
- while embedding domain-specific knowledge leveraging GenAI. In 
the analysis stage, it contextualizes datasets and integrates enterprise 
goals to help users frame stories effectively. In planning, it offers 
customizable templates and tailored narrative suggestions aligned with 
organizational needs. For implementation, StoryPoint dynamically re-
fines visualizations and narratives through natural language inputs and 
GenAI-supported recommendations, enabling seamless adjustments. In 
the communication stage, it supports real-time interaction through 
filtering, querying, and audience feedback mechanisms, ensuring rel-
evance and engagement. Its secure integration with enterprise systems 
ensures that insights remain aligned with organizational workflows, 
making it a comprehensive and adaptable solution for domain-specific 
data storytelling in enterprise contexts.
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Table 2
This table summarizes semi-structured interviews with 12 domain experts, detailing their Python proficiency, dashboard 
utilization, and dashboard creation skills, measured on a 1–7 Likert scales. It also includes their business domains and interview 
durations, providing a comprehensive overview of participant expertise.
 Interview Python Dashboard utilization Dashboard creation Business domain Duration 
 DE01 3 6 4 Product Management 00:37  
 DE02 2 5 3 Product Management 00:46  
 DE03 3 5 2 Product Management 00:31  
 DE04 3 6 4 Controlling 00:28  
 DE05 3 5 3 Product Management 01:16  
 DE06 2 6 3 Product Management 00:40  
 DE07 4 7 3 Controlling 01:11  
 DE08 3 6 4 Controlling 01:07  
 DE09 3 5 2 Product Management 00:59  
 DE10 4 6 3 Product Management 00:39  
 DE11 2 5 3 Purchasing 00:37  
 DE12 3 5 2 Purchasing 01:01  
3. Design of StoryPoint

In this section, we will explain how we designed and built Story-
Point. The basic user interaction concept of StoryPoint is illustrated in 
the graphical abstract.

3.1. Requirement elicitation

To build a literature-grounded and user-centered data story au-
thoring tool, we first conducted twelve semi-structured user inter-
views including think-aloud sessions with domain experts to receive 
an understanding of their needs and requirements for a data story 
authoring tool. The interviewees were domain experts who were all 
potential users of the system due to limited skills in data visualiza-
tion. Participation was voluntary and no compensation was offered, as 
participants acted within their professional capacities and participation 
time counted as hours worked. We provide information regarding the 
participants’ role and business domain in Table  2. To capture technical 
experience, we used Python proficiency as a proxy, since Python is 
the most widely adopted language in enterprise analytics, offers ex-
tensive visualization libraries (e.g., Matplotlib, Seaborn, Plotly), and is 
frequently employed as a benchmark in HCI studies (Li et al., 2023; Lin 
et al., 2025). At the same time, to avoid over-reliance on a single mea-
sure, we also assessed dashboard utilization and dashboard creation 
experience, which together provide a broader view of participants’ 
technical expertise. On a scale of 1 (worst) to 7 (best), the average 
Python skills of participants was 2.92, dashboard utilization 5.58, and 
dashboard creation 3.0. Participants’ ages ranged from 28 to 45 years, 
with a mean age of 34 years. The interview guideline consisted of 29 
questions and each interview lasted on average 49 min.

We structured the interviews into four parts: (1) general questions 
about the participant’s role in the enterprise and daily tasks, (2) ex-
perience and problems with data visualization tools (e.g., Tableau, 
PowerBI), (3) requirements for a data story authoring tool, and (4) 
think-aloud-session with Tableau including its ‘‘AskData’’ (Setlur et al., 
2016) feature (see appendix for interview questionnaire). For the think-
aloud session, users were tasked to create a simple data story with a 
dataset of their choice and vocalize all thoughts loud. We conducted 
the think-aloud session to collect domain experts’ problems when using 
Tableau and gather further requirements for a data story authoring 
tool. We chose Tableau because it promises easy-to-use, state-of-the-
art data visualization (Ruoff et al., 2023) and is currently being used 
by the industry partner. We recorded all interviews on audio and 
transcribed them. Following Li et al. (2024) and Lee et al. (2015), 
we relied on an established set of four data storytelling process steps 
(analysis, planning, implementation, and communication) to carry out 
a selective coding of our interview transcripts. Selective coding is a 
stage in grounded theory research that serves to organize the analysis 
around a core set of variables (Bryant and Charmaz, 2007). Using a 
selective coding process allowed us to scaffold our analysis around what 
5 
features domain experts need to create data stories. Some participants 
made explicit statements, for instance,  For story composition, I want 
to see a list of potential charts that I can rely on. Following Li et al. 
(2024), we integrated that into the step implementation. Further, some 
statements were implicit.  I need a simple way to create visualizations. 
To derive requirements, we grouped implicit and explicit statements 
into the data storytelling process steps (Li et al., 2024; Lee et al., 2015).

3.1.1. Analysis requirements
Analysis is fundamental to the data storytelling process, as it pro-

vides users with the insights needed to craft meaningful narratives. 
Participants emphasized the need for systems to visualize data quality 
and relationships, enabling quick assessments of dataset usability (R1). 

 ‘‘I need to understand the data’s structure quickly to decide if it’s usable 
for my goals’’ (DE3). Another common need was accessible previews 
and summaries to provide an overview of datasets without requiring 
extensive manual inspection (R2). Participants also highlighted the 
importance of seamless integration with enterprise infrastructure to 
streamline workflows (R3).  ‘‘Integrating with our existing databases 
would streamline the process immensely’’ (DE6). Data cleaning support 
emerged as a critical requirement, with participants requesting guid-
ance on handling missing or anomalous values (R4). Furthermore, 
extracting metadata and contextual knowledge from datasets was high-
lighted as essential for framing the analysis (R5).  ‘‘Extract metadata 
to set the data into a context’’ (DE2). Finally, participants emphasized 
the value of defining the story purpose at the start of the process to 
ensure alignment and focus (R6).  ‘‘Letting me input the story’s goals 
upfront would make the process more focused’’ (DE10).

3.1.2. Planning requirements
The planning phase involves structuring the narrative to guide the 

audience through insights effectively. Participants frequently requested 
customizable templates to save time and ensure consistency across 
stories (R7).  ‘‘Predefined templates would save time and ensure consis-
tency across reports’’ (DE2). Multi-page story creation with progression 
recommendations was also seen as vital (R8).  ‘‘For me, it’s important 
to build a narrative that flows from high-level insights to detailed analysis’’
(DE10). Participants sought systems that could suggest layouts and 
visual styles tailored to specific datasets and goals (R9).  ‘‘Sometimes 
I’m not sure what layout works best’’ (DE11). Additionally, pre-set themes 
tailored to branding and domain-specific requirements were requested 
to enhance consistency and professionalism (R10).  ‘‘I usually create 
data stories for several business domains that have a different structure’’
(DE12).

3.1.3. Implementation requirements
The implementation phase requires tools to create clear and en-

gaging narratives that connect visualizations to insights. Participants 
emphasized the importance of systems recommending suitable charts 
and narrative elements to streamline the storytelling process (R11).  
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Table 3
This table outlines the derived design principles for developing a data story authoring tool for enterprises. These principles include 
integrating domain expertise, intelligent visualization creation, structured layouts, contextual explanations, advanced presentation 
options, and continuous feedback.
 Design principle Description Supported by literature Influenced by 

requirements
 

 Integration of 
Domain Expertise

Support domain experts in all steps of the 
enterprise data storytelling process, by dynamically 
combining their contextual inputs—such as 
metadata and story objectives—with GenAI 
capabilities, ensuring narratives and visuals align 
with organizational goals and are tailored to 
enterprise needs.

Lee et al. (2015), Gunklach 
et al. (2023), Ramm et al. 
(2021), Kim et al. (2024), 
Kandel et al. (2012)

R4, R5, R6, R7, R17  

 Intelligent 
Visualization 
Creation

Provide domain experts with guidance in the form 
of automatically generated charts, enabling them 
to select and adjust visuals using natural language 
input to refine storytelling objectives.

Shi et al. (2021), Wu et al. 
(2022), Ye et al. (2024), He 
et al. (2024)

R1, R2, R3, R12, R13  

 Structured Data 
Story Layouts

Allow domain experts to select predefined data 
story layouts that promote narrative coherence, 
contributing to uniform and easily navigable data 
stories.

Liem et al. (2020), 
Martinez-Maldonado et al. 
(2020), Shao et al. (2024)

R7, R8, R9, R10, R11  

 Contextual 
Explanations

Provide domain experts with options to include 
explanations such as overarching story purposes 
and interpretative elements, including the meaning 
of charts and their KPIs, to contextualize insights.

Masson et al. (2023), Li et al. 
(2023), Microsoft (2024)

R6, R7, R10, R14, R16, 
R20

 

 Advanced 
Presentation Options

Include advanced presentation options, such as 
AskData features and full-screen modes, to support 
domain experts in answering audience questions 
and enhancing engagement during presentations.

Tory et al. (2022), Sarikaya 
et al. (2019), Tableau (2024)

R17, R18, R19  

 Continuous 
Feedback

Enable audience members to give feedback directly 
on specific aspects of the data story, facilitating 
iterative improvement and effective collaboration.

Elias et al. (2013), Hu et al. 
(2018), Haug et al. (2023)

R20, R21  
‘‘The system could suggest charts that best match my data and purpose’’
(DE7). Enabling visualization adjustments through natural language 
input was another key request (R12).  ‘‘It would save so much time 
if I could adjust visuals just by typing commands’’ (DE6). Participants 
frequently highlighted the need for dynamic integration of KPIs and 
calculations into narratives to align insights with organizational goals 
(R13).  ‘‘I would need to include key metrics dynamically within the 
narrative’’ (DE9). Tools to emphasize key insights using design ele-
ments such as colors and fonts were also seen as essential for drawing 
attention to critical data points (R14).  ‘‘The ability to emphasize 
certain insights would make the story more engaging’’ (DE3). Additionally, 
participants sought systems that dynamically adapt narratives based 
on contextual information, including audience-specific phrasing (R15). 

 ‘‘If the charts and text could be quickly adapted to different audiences, 
that would be nice’’ (DE6). Lastly, generating a concise page purpose 
to connect charts and narratives cohesively was seen as essential for 
maintaining structure (R16).  ‘‘I’d like to have a concise description of 
each page’’ (DE11).

3.1.4. Communication requirements
The communication phase focuses on delivering the story to the 

audience effectively, with tools that support customization, interac-
tion, and feedback. Participants requested dynamic filtering of story 
elements for different audience types to ensure relevance (R17).  ‘‘I 
need to adjust what’s shown depending on who I’m presenting to’’ (DE3). 
Additionally, participants requested options to export stories in multi-
ple formats to accommodate various sharing needs (R18).  ‘‘Having 
different export formats would make the tool more versatile’’ (DE12). 
Interactive querying during presentations was frequently mentioned as 
essential for addressing audience questions dynamically (R19).  ‘‘I 
want to be able to answer questions on the spot during presentations’’ (DE9). 
Finally, participants highlighted the importance of audience feedback 
mechanisms (R20) and revision tracking for iterative improvement 
(R21).  ‘‘I struggle to get structured feedback on my stories. It would help 
me if people could give direct feedback on certain elements’’ (DE12).  ‘‘A 
log of changes would help track the evolution of the story’’ (DE4).
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3.1.5. Design principles
The design principles for StoryPoint were developed through a 

systematic process grounded in human–computer interaction research 
relying on requirements from interviews and literature (Norman, 1983; 
Chao, 2009). For the rigorous literature-grounded approach, we fol-
lowed the method of Webster and Watson (2002) to conduct a sys-
tematic literature review to derive a set of requirements for the design 
of a data story authoring tool for enterprises from existing literature. 
The search string was developed iteratively, starting with exploratory 
searches using terms like ‘‘data storytelling’’, ‘‘data stories’’, and ‘‘nar-
rative visualization’’. Based on this, we identified additional relevant 
terms, such as ‘‘data journalism’’ and synonyms like ‘‘narrative visual-
ization’’, particularly prevalent in seminal works (Segel and Heer, 2010; 
Hullman and Diakopoulos, 2011) The final search string incorporated 
‘‘storytelling’’ and ‘‘narratives’’ in combination with ‘‘data visualiza-
tion’’, ‘‘information visualization’’, ‘‘visual analytics’’, and ‘‘business 
intelligence’’ to ensure comprehensive coverage (see appendix). Using 
this search string, we retrieved 1507 unique articles from IEEE Xplore, 
ACM DL, and Scopus after deduplication. In the selection process, 
we manually excluded 1281 articles by carefully scanning the title-, 
abstract-, and keyword-section and by applying the following selection 
criteria: We included articles that investigated the implementation and 
evaluation of data stories. And we excluded articles that relied on 
data storytelling techniques in virtual or augmented reality, videos, or 
comics as these media formats are not frequently used in enterprise 
data storytelling. Following the same criteria for a full-text review, 71 
articles remained. Lastly, we performed a forward and backward search 
and included another 21 studies. This process yielded 92 articles for 
intensive analysis.

Using a selective coding approach, we categorized requirements and 
identified higher-level themes—design principles—that addressed re-
curring user needs and underlying motivations. The process began with 
clustering related requirements to uncover broader themes. Insights 
from the systematic literature review, such as methods, techniques 
and challenges, were analyzed alongside user requirements derived 
from interviews. For instance, studies emphasizing the importance of 
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Fig. 1. This figure shows an example data story created with StoryPoint, highlighting sales data across product categories and regions using visualizations and 
narrative elements. The top includes a structured narrative with multiple pages, while the sidebar allows interactive exploration of sales insights through natural 
language queries, supported by visualizations and feedback options.
context in narrative visualizations (Gunklach et al., 2023; Kim et al., 
2024) informed requirements like extracting contextual metadata (R5) 
and adapting narratives to specific contexts (R15). These themes were 
then translated into actionable principles, ensuring the system provided 
practical functionalities to meet identified challenges. To maintain 
comprehensive coverage, a traceability matrix (see Table  3) mapped 
requirements to their respective principles. This structured approach 
ensured that the principles were both user-centered and empirically 
grounded.

3.2. StoryPoint

StoryPoint is built as a responsive web-based application, explicitly 
grounded in the six design principles presented (see Table  3). Each prin-
ciple is instantiated in the tool’s usage flow, which sequentially leads 
domain experts through the four stages of enterprise data storytelling: 
analysis, planning, implementation, and communication. For example,
StoryPoint integrates domain expertise (DP1) by combining metadata 
and story purposes with GenAI capabilities, supports intelligent visu-
alization creation (DP2) through natural language and example-based 
chart generation, and ensures narrative coherence with structured lay-
outs (DP3). Contextual explanations (DP4) enrich visualizations with 
interpretative meaning, while advanced presentation options (DP5) 
such as AskData enhance audience engagement. Finally, continuous 
feedback mechanisms (DP6) allow iterative refinement of the story. 
Each page includes a sidebar that offers additional settings. Fig.  1 shows 
an example data story created with StoryPoint. Together, these features 
not only guide users step by step through the authoring process on any 
device but also enable us to empirically evaluate how well the design 
principles support domain experts in creating enterprise data stories. In 
the following, we describe StoryPoint and its features by relying on an 
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example enterprise use case that illustrates how domain experts could 
create data stories with StoryPoint.

Sarah, a newly onboarded consultant at a boutique consulting firm, 
receives sales data from the client’s Chief Sales Officer and is tasked to 
create an initial report, containing the first important insights regard-
ing sales until end of day. However, Sarah acknowledges her limited 
proficiency in data visualization techniques and utilizes StoryPoint to 
visualize the data. For analysis, she uploads her data and StoryPoint
automatically generates an exploratory data analysis report. She goes 
through the report and uncovers key insights of her dataset, such as 
how various columns are distributed and correlated. At the end of 
the analysis phase, Sarah is prompted to input additional contextual 
information, such as the intended purpose of the story or specific visu-
alizations she wants to include. For example, she specifies that the data 
story should focus on identifying top-performing product categories. 
These inputs are integrated into StoryPoint’s LLMs, ensuring that the 
charts and narratives align closely with Sarah’s analytical objectives 
and storytelling requirements. In the planning stage, she relies on 
these insights to create the first page of the data story. For that, she 
chose one of the page layouts that are provided by StoryPoint (DP3). 
If none of the page layouts fit her page, she could create a custom 
page layout. Sarah’s chosen layout accommodates two charts, vertically 
arranged, accompanied by narrative elements on the right-hand side. 
Next, in the implementation phase, StoryPoint guides her through the 
creation of the charts and narrative elements of the first page. For chart 
creation, the tool offers two distinct modes (DP2): (1) natural language 
input, where she can articulate her requirements conversationally, or 
(2) example visualizations that serve as a springboard for her creativity 
(see Fig.  2). Sarah’s creative process unfolds as she selects the sec-
ond option for her first chart. She peruses a curated list of example 
visualizations and chooses one that vividly illustrates the total sales 
amount over time. Next, she refines the chart’s appearance using the 
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Fig. 2. This figure illustrates chart creation options of StoryPoint. On the left, users can generate visualizations using natural language input, with options to 
adjust and refine the chart. On the right, users can kickstart their data exploration with example visualizations generated by a recommendation framework, 
providing a quick starting point for customization.
natural language input  Add the dimension category to the chart and 
give each category a different color. After careful inspection and iterative 
refinements, she achieves the desired result—an interconnected line 
chart that resonates with her analytical intentions. StoryPoint also 
equips her with various explanatory options for the chart (DP4). She 
opts for the description:  This chart portrays the annual sales figures for 
three distinct categories: furniture, office supplies, and technology, spanning 
the years 2014 to 2017. She augments the text with insights garnered 
during her exploration phase, adding a paragraph about the trends she 
observed in these categories from the exploratory data analysis report. 
Then she continues with the second chart. Her simple prompt,  Show 
the top 10 best-selling products per category as a bar chart swiftly produces 
a chart that aligns with her expectations (DP3). She opts for StoryPoint ’s 
pre-generated narratives (DP4). To enhance the narrative’s impact, she 
inserts a dynamic variable calculating the revenue, allowing for auto-
matic updates. After creating both charts and descriptions, StoryPoint
automatically creates potential story purposes (DP4) that capture the 
content of the page. She selects the one that encapsulates her analytical 
objectives:  Analyzing Best Sellers and Sales Evolution: Insights from Top 
10 Products and Category Performance over Time. While the option to 
expand her narrative with additional pages exists, Sarah defers that 
decision for later. She concludes her work by saving the crafted data 
story and sending a link to her client. When accessing the data story 
(communication phase), the client is presented with the opportunity to 
engage with the data through two distinct avenues: either by perusing 
the data story narrative or by utilizing StoryPoint ’s Ask Data feature to 
pose natural language questions (DP5). Additionally, the client can opt 
to provide direct feedback to specific elements within the data story by 
simply clicking on them. This action triggers the appearance of a menu 
within the sidebar, offering the client the ability to assess the element 
using a star rating system or to furnish feedback in written form (DP6).

3.3. StoryPoint features

The architecture of StoryPoint is designed to facilitate seamless 
human-AI interaction for data storytelling. In line with the 5Vs of 
big data (Anuradha et al., 2015), it scales to large datasets (volume), 
supports timely and interactive updates (velocity), accommodates het-
erogeneous data formats (variety), grounds generated narratives in 
source data to ensure reliability (veracity), and embeds domain-specific 
goals to keep insights actionable and relevant (value). Built on a 
web-based client–server model, it integrates technologies such as the 
Streamlit Python library for the web client, React for front-end com-
ponents, and Python for back-end processing. Key elements include 
data storage in CSV format and the use of VegaLite for generating 
visualizations (Satyanarayan et al., 2016). The system comprises four 
main features: (1) visualization creator, (2) chart description editor, (3) 
story purpose editor, and (4) data story viewer (see Fig.  3).
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StoryPoint ’s innovation lies in its ability to dynamically adapt its 
LLMs to domain-specific contexts, such as sales or logistics, by lever-
aging metadata extracted from the dataset. During the analysis phase, 
domain experts can enhance this contextualization by inputting their 
story purpose and specific requirements, such as key visualizations or 
narrative goals. This combination of metadata and user-defined inputs 
ensures that the outputs - charts, narratives, and story purposes, are 
purpose-aligned and data-driven (DP1). The tool features a visual-
ization creation feature, leveraging GPT-3.5 Turbo and GPT-4 for 
dynamic chart generation (DP2). A deterministic model configuration 
minimizes errors, and any issues prompt user re-engagement. Addi-
tionally, the chart recommendation network from MultiVision (Wu 
et al., 2022) suggests VegaLite specifications, enhancing user-driven 
creation. Confirmed visualizations trigger a GPT-4 instance to generate 
concise chart descriptions (DP4). These descriptions are based on 
chart features and enhanced dataset samples, providing user-centered 
explanations in bullet-point format. A custom text editor allows users 
to refine these descriptions and to integrate dynamic variables. For that 
purpose, we developed a custom streamlit component that allows users 
to integrate dynamic variables into the editor and published it as a 
python package. The story and page purpose editor (DP4) utilizes 
GPT-4 to create cohesive dashboard titles, summaries, and page-specific 
names, which users can adjust to refine their narratives. The final 
iteration of the data story viewer incorporates three interactive fea-
tures (DP5): (1) the ask data agent, (2) interactive filters, and (3) a 
feedback mechanism. The ask data agent uses GPT-4 to interpret user 
queries, executing Pandas queries directly on the dataset. Interactive 
filters enable users to customize numeric and nominal feature views, 
with options to clear filters. The feedback mechanism (DP6), inspired 
by Haug et al. (2023), allows users to provide feedback on specific 
story elements by selecting a category, assigning a rating, and adding 
comments. Feedback is stored systematically with screen coordinates 
for iterative improvements.

4. Formative evaluation

Throughout the development phase, our approach involved con-
ducting both formative and summative evaluations to assess how ef-
fectively StoryPoint facilitates the creation of data stories for domain 
experts. The formative evaluation provided insights into the tool’s 
ongoing development, ensuring that it aligned with user needs and 
expectations. In contrast, the summative evaluation, which involved 
real-world data visualization use cases, was conducted to comprehen-
sively assess the system’s usability and performance. Table  4 presents 
a comprehensive summary of all participants who took part in the 
formative evaluation. We recruited eight domain experts aged 21–52 
(mean = 30) with diverse backgrounds and varying levels of expertise. 
We assessed participants’ proficiency in Python, dashboard utilizing, 
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Table 4
This table summarizes the formative evaluation with eight domain experts, detailing their self-reported Python proficiency, 
dashboard skills, and business domains. Participants showed strong dashboard utilization skills (mean = 4.5) but moderate Python 
(mean = 3.3) and dashboard creation (mean = 3) skills.
 Interview Python Dashboard utilization Dashboard creation Business domain Duration 
 DE13 2 4 3 Purchasing 00:20  
 DE14 4 4 2 Purchasing 00:30  
 DE15 4 5 3 Logistics 01:00  
 DE16 4 7 5 Consulting 00:25  
 DE17 2 3 2 Consulting 00:40  
 DE18 2 4 3 Manufacturing 00:30  
 DE19 5 7 6 Information Technology 00:50  
 DE20 5 4 3 Research 00:40  
Fig. 3. This figure demonstrates the architecture of StoryPoint. The system 
integrates components like the visualization creator, chart description editor, 
purpose editor, and story viewer to support the end-to-end workflow of data 
storytelling.

and dashboard creating skills using a Likert scale ranging from 1 
(worst) to 7 (best). On average, the participants demonstrated a low 
proficiency in Python, with a mean rating of 3.5. When it came to 
utilizing dashboards, the participants exhibited a strong aptitude, gar-
nering a mean rating of 4.75. Lastly, in creating dashboards, their skills 
averaged 3.3.

4.1. Method

Formative evaluations aim at collecting information to improve an 
artifact (Ritchie et al., 2013). We, therefore, conducted think-aloud 
sessions with eight domain experts to evaluate how StoryPoint ’s design 
supports them in creating data stories. For the think-aloud sessions, we 
tasked the participants to choose a dataset and subsequently explore the 
data, and create a data story. In our formative evaluation, we aimed at 
evaluating the functionality and usability of our tool, to improve it in 
preparation for our final, summative evaluation.

4.2. Findings

First of all, domain experts expressed a high satisfaction with the
ease of use of StoryPoint. As one user remarked,  ‘‘I really liked the 
prescriptive nature of the natural language prompts. Instead of saying what 
I want on the x- or 𝑦-axis, I was able to just say what the outcome should 
be’’ (DE14). This approach made the tool accessible even for domain 
experts without prior experience in data visualization.  ‘‘Compared 
to Excel, the tool is really easy to use for the first time and I don’t feel 
that I have to watch tutorials to create my first charts’’ (DE20). They 
emphasized that this simplicity inspired confidence in them.  ‘‘After 
just creating one data story, I now feel confident enough to be able to use the 
tool self-reliantly’’ (DE17). Further, domain experts liked the usefulness
of StoryPoint for their data visualization needs. Some expressed a 
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willingness to integrate it into their daily workflow for rapid data story 
creation.  ‘‘I would definitely give the tool a try for my management 
presentations if you make a public productive version’’ (DE16). Engaging 
with the visualization features has also been a source of enjoyment
for users, with one user stating,  ‘‘The Chart is fine like this but I want 
to continue and test what else the model is capable of creating’’ (DE15). 
Another user highlighted the learning experience, he mentioned that 
he  ‘‘was positively surprised by the capabilities of the tool. Just by 
playing around with the visualization feature I learned a lot about the 
data’’ (DE18). Users commend the modern and customizable look and 
feel of the charts generated, and the  ‘‘options for configuration’’
(DE17). Feedback regarding the narrative elements was generally 
positive. Users liked the option to describe the graph using text and 
dynamic variables.  ‘‘This suggests room for improvement in tailoring 
the narrative elements to better align with specific user contexts and 
preferences’’ (DE16). Users were satisfied with the system’s response 
time, considering it suitable for a web-based application. One domain 
expert concluded:  ‘‘Good response time for a web-based AI application’’
(DE14). Users highlighted the efficiency of StoryPoint.  ‘‘This is the 
first data story that I developed, and yet it only took 20 min from the 
data exploration until the finished story’’ (DE18). This feedback under-
scores the system’s effectiveness in streamlining the data storytelling 
process. Users recognized the trade-off between customizability and 
simplicity when creating data stories. Novice users tend to prioritize 
simplicity, while others desire more customization options. Impor-
tantly, users appreciate the dynamic updating of charts when applying 
filters, indicating a preference for interactive and responsive features. 
However, domain experts expressed a need for the ability to verify 
the results generated by the LLM, especially for business use cases.  
‘‘Before employing this tool in a business use case, I need to be sure that 
the data in the charts is correct. At the moment I am skeptical about the 
consistency of the output of large language models, so I would need the 
option to verify the results to gain trust in the visualizations’’ (DE19). In 
addition to that, they expected consistency in the charts generated, 

 ‘‘when the tool doesn’t provide the expected output, one can become 
frustrated’’ (DE15).

4.3. Additional requirements

During the formative evaluation of StoryPoint, participants provided 
invaluable insights, accompanied by specific requirements to enhance 
their interaction with the tool. Two pivotal requirements emerged from 
this process, which guided our improvements (see Fig.  4 for the im-
plementation of these features). Firstly, one user remarked,  ‘‘I think 
the tool in itself is really powerful, but someone like me probably doesn’t 
know how to utilize its full potential, so I would suggest some example 
prompts’’ (DE16). In response, we introduced an expandable widget 
within StoryPoint, filled with example prompts to provide the desired 
guidance for natural language prompts (R22). Secondly, we addressed 
the need for automatically generated narrative elements (based on user-
defined contexts and visualizations) to eliminate the intimidation of 
a blank canvas when composing chart descriptions (R23). One user 
stated  ‘‘It would be good to have automatically generated narrative 
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Fig. 4. This figure underscores the main features implemented in StoryPoint after the formative evaluation. On the left, users can adjust visualizations with 
example prompts and editing options. On the right, automatically generated narrative elements provide descriptive insights and contextual information for the 
charts, supporting users in crafting effective data stories.
elements that I can rely on when writing the chart descriptions. The editor 
would not be blank’’ (DE17). Additionally, we’ve also attended to several 
minor requirements, such as fullscreen option for the data story viewer 
(R24). Furthermore, in response to user feedback, we implemented two 
additional features to enhance StoryPoint ’s functionality and address 
potential challenges. Firstly, we incorporated the ability for users to 
make adjustments to data stories after their initial creation (R25), 
allowing for flexibility in an enterprise setting where timelines and 
bandwidth constraints may necessitate adjustments post-creation (Chen 
et al., 2023). Secondly, beneath the text field containing generated 
narratives, we added a warning/hint emphasizing that narratives gen-
erated by the LLMs may not be fully conclusive (R26), encouraging 
users to validate content for accuracy (van der Lee et al., 2021). 
These enhancements contribute to a more robust and user-friendly data 
storytelling tool, aligning with the evolving needs and challenges of 
enterprise settings.

5. Summative evaluation

In contrast to the formative evaluation, a summative evaluation of 
an artifact is concerned with its impact and resulting outcomes (Ritchie 
et al., 2013). Following this dual evaluation approach ensured that
StoryPoint not only met immediate requirements but also excelled with 
regards to its impact and outcomes in practical, real-world applications. 
Building on Shao et al. (2024) and Li et al. (2024), we structure our 
summative evaluation around three guiding questions: (1) Can the tool 
guide domain experts in creating efficient and effective data stories? 
(2) How is the quality of the created data stories? and (3) To what 
extent can the tool be applied for real-world data storytelling use cases? 
To address these questions, we conducted three dedicated summative 
evaluations. In the first summative evaluation, we compared StoryPoint
with a benchmark system on efficiency, workload, and usability, con-
sidering both task completion times and subjective measures such as 
NASA-TLX and SUS. In the second summative evaluation, we conducted 
a large-scale study with 104 crowdworkers from Prolific, who evaluated 
the data stories created in the first summative evaluation from both 
systems along dimensions such as fluency, clarity, and trustworthiness. 
While this large-scale study provided robust comparative ratings, we 
acknowledge that crowdworkers may not fully capture the contextual 
nuances of enterprise data storytelling (Huang et al., 2023). To address 
this, we complemented it with a third summative evaluation, where 
domain experts from three different enterprise domains each applied
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StoryPoint to a distinct data visualization use case. Together, these three 
studies provide a comprehensive assessment of StoryPoint, demonstrat-
ing its efficiency and output quality in controlled evaluations as well 
as its applicability and usefulness in real-world practice.

5.1. Evaluation of StoryPoint’s ability to create data stories

In this evaluation, we aimed to compare the efficiency, workload, 
and usability of StoryPoint in creating data stories with that of a 
benchmark system (see Fig.  5). We recruited eight additional domain 
experts aged 22–58 (mean = 29) with diverse backgrounds and varying 
levels of expertise. We assessed participants’ proficiency in Python, 
dashboard utilizing, and dashboard creating skills using a Likert scale 
ranging from 1 to 7. On average, the participants demonstrated a low 
proficiency in Python (M = 2.9), utilizing dashboards (M = 3.75), and 
creating dashboards (M = 2.625). Each participant spent 34 min on 
average completing the study.

5.1.1. Method
The evaluation was structured as a small-scale experimental study 

employing a 2 × 2 design, encompassing four distinct groups denoted 
as follows: Group 1 engaged with StoryPoint initially for the sales task, 
followed by the benchmark for the subsequent customer behavior task. 
Conversely, Group 2 commenced their tasks with StoryPoint focused on 
customer behavior, transitioning to the benchmark for the subsequent 
sales task. Group 3 began with the benchmark for the sales task, 
subsequently utilizing StoryPoint for the ensuing customer behavior 
task. Finally, Group 4 initiated with the benchmark for the customer 
behavior task, followed by StoryPoint for the sales task. This experi-
mental design allowed for a comprehensive exploration of both systems 
(StoryPoint and benchmark) across two distinct tasks—sales data and 
customer behavior data. In creating our benchmark, we sought to align 
it with Calliope (Shi et al., 2021), a recognized system for generating 
data stories. However, due to data privacy regulations imposed by our 
industry partner, we were unable to directly utilize Calliope. Therefore, 
we reengineered a similar benchmark by incorporating a Monte Carlo 
search tree for automated chart generation (Shi et al., 2021) and inte-
grating functionalities from Voyager2 (Wongsuphasawat et al., 2016) 
to refine the charts. For narrative development, we generated concise 
text summaries of the charts similar to Calliope (Shi et al., 2021). The 
benchmark was implemented by one of the authors of this paper and 
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Fig. 5. This figure shows the user interface of the benchmark tool used in Section 5.1. The interface allows users to adjust charts by modifying axes, marks, and 
fields on the left panel. The central area supports building data stories with pre-defined templates, where charts and associated narratives can be arranged. At 
the bottom, users can refine automatically generated narratives, select story excerpts, and provide contextual descriptions to create a cohesive and customized 
data story.
 

subsequently evaluated by the rest of the author team to ensure compa-
rability with Calliope. For the sales data task, the requirements were a 
bar chart displaying total sales for each product category and a bubble 
chart illustrating the relationship between profit, sales region, and 
customer data. Likewise, for the customer data task, participants were 
asked to create a bar chart showcasing customer satisfaction across 
various age groups and a donut chart visualizing factors contributing 
to cart abandonment. Following the chart creation, participants were 
required to provide detailed descriptions for each chart and conclude 
the task by composing a title along with a comprehensive description 
of the entire data story.

After completing a demographic questionnaire, participants were 
informed that they would ‘‘use two different systems to create two different 
data stories’’. For each treatment, participants went through a tutorial 
in which they watched a video and then practiced what they just saw, 
by creating a simple data story with the open source movie dataset 
from IMDb. There were 5 steps in the tutorial: (1) select and upload 
the movie data set, (2) create a chart showing the number of movies 
per year, (3) create a table showing the movies with IMDb rating 
9.2, (4) provide detailed descriptions for each chart and (5) conclude 
the task by composing a short summary for both charts. Following 
the tutorial, participants performed the relevant task using the cor-
responding system aligned with the appropriate treatment. After each 
treatment, participants evaluated the system using the NASA Task Load 
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Index (Hart, 2006) scale (NASA-TLX), and the System Usability Scale 
(SUS) (Brooke, 1996). These metrics aimed to gauge the participants’ 
usability and workload associated with each system.

5.1.2. Results
We employed statistical tests to analyze the results, utilizing Stu-

dent’s t-test for normally distributed values (e.g., time) and the Wilcoxon
Signed Rank test for non-normally distributed values (e.g., workload, 
usability, and user experience) through the stats module from scipy (Vir-
tanen et al., 2020). The independent two-sample t-test identified a 
significant effect of the condition on time (p = 0.000, t = −6.84). 
Participants spent a significantly lower amount of time on the task to 
create the data story with StoryPoint (M = 4 min 31 s, SD = 58 s) 
compared to the benchmark (M = 10 min 11 s, SD = 2 min 8 s). One 
domain expert expressed after the experiment, ‘‘It was feasible to develop 
the data story using the benchmark system, but I simply needed more time, 
especially for fine-tuning the narratives and charts’’. Regarding workload
(NASA-TLX), The Wilcoxon Signed Rank test revealed significant effects 
of the condition on mental demand (p = 0.0078), performance (p = 
0.0156), effort (p = 0.0078), and frustration (p = 0.0269). The partici-
pants with StoryPoint rated their performance significantly higher than 
with the benchmark, while the mental demands, effort, frustration, and 
time demands were lower. However, there was no significant effect on 
physical demand (p = 0.0707). The usability (SUS) results indicated 
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Fig. 6. This figure presents the evaluation results of StoryPoint compared to the benchmark tool, showing improved task efficiency with reduced completion 
time and lower cognitive load. Usability scores indicate that participants found StoryPoint easier to use, more integrated, and less frustrating, demonstrating its 
effectiveness for creating data stories.
that participants found StoryPoint (SUS score = 76.875, SD = 5.7863) 
to be more usable than the benchmark for the given tasks (SUS score = 
19.6875, SD = 7.2503). Further statistical details can be found in Fig. 
6.

5.2. Evaluation of the quality of the data stories created with StoryPoint

In this evaluation, we aimed to evaluate the quality of the data 
stories created with StoryPoint and compare it with the benchmark. We 
conducted a power analysis before the study using the stats module 
from scipy (Virtanen et al., 2020) to estimate an appropriate sample 
size. Simulations indicated that about 86 participants were needed to 
achieve an alpha level of 0.05 and a power of 0.8 when using a Mann–
Whitney U test for ordinal data. Therefore, we initially recruited 120 
participants from Prolific who speak English as their first or second 
language. Participants were paid $12.5 per hour and provided with a 
bonus of $0.5 for each correctly completed task (6 tasks in total). To en-
sure response quality, we embedded three attention checks within the 
experiment (e.g., specific instructions like ‘‘Select option B’’ and tasks 
like ‘‘What is a data story not?’’) and excluded participants who failed 
more than one check. Additionally, we analyzed task completion times 
to flag abnormally short or long durations and reviewed responses for 
inconsistencies or careless patterns. After this filtering process, the final 
dataset consisted of 104 participants (54 female, 48 male, and 2 non-
binary). Their ages ranged from 18 to 73 (M = 37.3431, SD = 11.71). 
We assessed participants’ proficiency in Python, dashboard utilizing 
as well as dashboard creating skills using a Likert scale ranging from 
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1 to 7. On average, the participants demonstrated a low proficiency 
in Python (M = 2.91), utilizing dashboards (M = 3.42), and creating 
dashboards (M = 3.26). The median time required by participants for 
the study was 4 min and 14 s (04:14).

5.2.1. Method
Employing a complete between-subject design, we divided partic-

ipants into two groups (Group 1: using a random data story created 
with StoryPoint, Group 2: using a data story created with the bench-
mark) and assigned them tasks. To ensure comparability of these data 
stories, we drew at random from those created in the first part of 
our summative evaluation. Participants of each group were tasked 
with three assignments with increasing complexity: Task 1 involved 
identifying the most common reason for cart abandonment, task 2 
required participants to discern the purpose of the data story, and 
task 3 necessitated an assessment of customer satisfaction distributions 
based on age. Each group was exposed to either a random data story 
from StoryPoint or the benchmark in Section 5.1. During the tasks, 
we meticulously measured the time participants required for each 
assignment and cross-referenced their results for accuracy. Following 
the completion of tasks, participants engaged in a subjective evaluation 
process. They provided feedback on narrative elements, utilizing scales 
adapted from van der Lee et al. (2021): fluency (1–5), informativeness 
(1–5), readability (1–5), and overall quality (1–5). Additionally, par-
ticipants evaluated the quality of the data story using scales derived 
from Ajani et al. (2022): aesthetics (1–5), clarity (1–5), professionalism 
(1–5), and trustworthiness (1–5).



J. Gunklach et al. International Journal of Human - Computer Studies 205 (2025) 103655 
Fig. 7. This figure shows that StoryPoint outperforms the benchmark in data story quality, including narrative elements like fluency and readability, and visual 
aspects such as aesthetics and clarity. Participants further solved the tasks more efficient, highlighting StoryPoint ’s ability to support creation of high-quality data 
stories.
 

5.2.2. Results

We computed p-values using Student’s t-test for normally distributed
data (time), the two-sample z-test for propositions for correctness, and 
the Mann–Whitney U test for non-normally distributed data (narrative 
elements and data story quality) using the stats module from SciPy (Vir-
tanen et al., 2020). The two-sample z-test for propositions revealed 
a significant effect of the condition on correctness (p = 0.0001, z = 
15.4684), indicating that participants were more correct in answering 
questions with the StoryPoint data story (correct responses = 36) than 
with Baseline data story (correct responses = 25). Concerning the time
needed, the t-test showed a significant effect of the condition on time 
for task 3 (p = 0.0000, t = −5.1821). For the first and second tasks, 
participants spent a similar amount of time answering questions with 
the StoryPoint data story (M Task 1 = 23.77 s, M Task 2 = 67.03 s) 
compared to the benchmark data story (M Task 1 = 22.49 s, M Task 
2 = 111.32 s). Regarding narrative elements, the Mann–Whitney U 
test indicated that the fluency, informativeness, readability, and overall 
quality of the narrative were significantly higher with StoryPoint com-
pared to the benchmark data story. In terms of overall data story, the 
Mann–Whitney U test reported significantly higher aesthetics, clarity, 
professionalism, and trustworthiness. For further statistical details on 
narrative elements and overall data story quality, refer to Table  5 and 
Fig.  7.

Lastly, we aimed to investigate whether participants’ ability to solve 
tasks correctly influenced their perceptions of narrative elements and 
data story quality. To achieve this, we conducted additional analyses by 
filtering participants based on their task performance. First, we filtered 
out 27 participants who solved no tasks correctly. This ensured that 
remaining participants had a baseline understanding for meaningful 
evaluation. Mann–Whitney U tests revealed that these participants 
rated StoryPoint’s data stories significantly higher across fluency (U 
= 654.0, p = 0.0019), informativeness (U = 648.0, p = 0.0022), 
readability (U = 692.0, p = 0.0003), and overall quality (U = 617.5, 
p = 0.011). Additionally, StoryPoint outperformed in aesthetics (U = 
638.0, p = 0.0048), clarity (U = 702.0, p = 0.0001), professionalism 
(U = 642.0, p = 0.0035), and trustworthiness (U = 617.0, p = 0.0095).
Second, we analyzed the subset of participants who solved no tasks 
correctly. This group likely struggled to understand the content of data 
stories created with either system, making it challenging to identify 
meaningful differences. Mann–Whitney U tests showed no significant 
differences in fluency (U = 134.5, p = 0.6652), informativeness (U = 
169.5, p = 0.5017), readability (U = 200.5, p = 0.0991), or overall qual-
ity (U = 165.5, p = 0.5973), though clarity was marginally significant 
13 
favoring StoryPoint (U = 223.5, p = 0.0301). These findings empha-
size the role of comprehension in evaluating the outcomes of data 
storytelling tools. Participants who solved at least one task correctly 
consistently favored StoryPoint’s data stories, while those without base-
line understanding showed no significant preferences. This underscores 
the need for ensuring comprehension when assessing storytelling tool 
quality.

5.3. Evaluation of StoryPoint with three real-world use cases

To assess the effectiveness of StoryPoint as a data story authoring 
tool in real-world applications, we recruited three domain experts from 
diverse enterprise domains, each encompassing a unique enterprise 
data visualization use case.

5.3.1. Method
In use case 1, a sales manager, unaccustomed to data visualiza-

tion tools such as Tableau or PowerBI, eagerly explored the tool’s 
potential to create a data story containing product sales information. 
This scenario highlighted the user-friendly nature of StoryPoint, making 
it accessible to non-technical users and underscoring its relevance in 
diverse professional settings. In use case 2, a risk analyst sought to 
harness the capabilities of our tool to merge historical state-based 
conflict data with various country-specific key indicators. The objective 
was to create a data story for assessing the likelihood of future conflict 
outbreaks. Lastly, use case 3 featured a marketing manager accus-
tomed to collaborating with data analysts to create and analyze reports. 
They relied purely on StoryPoint to create a data story containing 
social media key performance indicators. Following the completion of 
their respective use cases, we inquired about their likelihood to utilize
StoryPoint for future data story creation. Fig.  D.8 shows the data stories 
created.

5.3.2. Results
For use case one, the sales manager, not familiar with typical data 

visualization tools, uploaded a sales dataset into StoryPoint. Despite 
initial confusion, they quickly adapted after reading the instructions. 
They entered the prompt  ‘‘I’m interested in Sales, Product, Market, 
Customer, Time’’ for the first visualization, expressing satisfaction with 
the generated bar chart and stating,  ‘‘Product [x] has sales of [y]...’’
(DE21). The participant found StoryPoint to be simple yet impactful, 
stating,  ‘‘Wow, this is really simple and great - I could imagine all my 
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Table 5
This table compares StoryPoint ’s data stories to data stories of the benchmark tool, showing statistically significant improvements in narrative elements (e.g., 
fluency, informativeness) and data story quality (e.g., aesthetics, clarity).
 Item M StoryPoint SD StoryPoint M benchmark SD benchmark U-statistics Significance  
 Narrative Elements
 Fluency 3.3556 0.9331 2.8793 1.1251 1621.5 0.0286 < 0.05  
 Informativeness 3.8889 0.8318 3.2759 1.0562 1743.0 0.0020 < 0.05  
 Readability 3.3333 1.0660 2.4310 1.1257 1851.0 0.0001 < 0.05  
 Overall Quality 3.4222 0.9412 2.9828 1.1469 1596.5 0.0441 < 0.05  
 Data Story Quality
 Aesthetics 3.0667 1.2136 2.4915 1.1044 1683.0 0.0165 < 0.05  
 Clarity 3.3333 1.0000 2.3898 1.1893 1912.5 0.0001 < 0.05  
 Professionalism 3.7778 0.9266 3.1017 1.0288 1810.0 0.0009 < 0.05  
 Trustworthiness 3.6667 0.9045 3.2373 0.8777 1686.5 0.0123 < 0.05  
colleagues using the tool’’ (DE21). Their interaction continued smoothly, 
with the participant refining prompts, expressing astonishment at Story-
Point ’s capabilities, stating,  ‘‘Even if I took five minutes myself to write 
such a story purpose, I couldn’t have come up with a better one’’ (DE21). 
They confirmed the story purpose and expressed contentment with the 
resulting data story, noting,  ‘‘I really like the result, and it did not take 
long to create it’’ (DE21), expressing an intent to use the tool for future 
presentations.

For use case two, the participant, assessing conflict fatalities for 
risk evaluation, efficiently used StoryPoint ’s exploratory data analy-
sis, noting,  ‘‘This feature is very helpful; even though I’ve previously 
performed explorative data analysis, I haven’t experienced such an inter-
active UI’’ (DE22). In the data story creation phase, they entered the 
prompt  ‘‘Plot the data of state-based conflict casualties’’ and refined 
the visualization with commands like  ‘‘change month to year in the 
𝑥-axis name’’ and ‘‘also include the data of column state-based conflict 
casualties sum over the last 24 months in the chart for all countries in the 
column name, put a second 𝑦-axis on the left for this data’’. They expressed 
satisfaction with the resulting visualizations, stating,  ‘‘Sometimes, the 
easiest narratives are the best’’ (DE22). Testing the tool further, they 
issued complex prompts, and while content with the outcomes, opted 
to maintain consistency with the initial visualization, stating,  ‘‘Okay, 
this was fast and exactly what I wanted’’ (DE22).

In the third use case, a marketing manager delved into StoryPoint
for social media marketing analysis, expressing initial excitement:  ‘‘I 
am interested to see if this tool will have more value for me in comparison 
to the tools I usually use’’ (DE23). They entered the prompt  ‘‘Show me 
the development of impressions over time in a linear graph’’ and swiftly 
customized the resulting chart, stating,  ‘‘I’m surprised about how 
good the tool converted my text to a chart; I wouldn’t have thought that 
it would work so fast’’ (DE23). The participant seamlessly progressed 
to the second visualization, entering prompts such as  ‘‘Plot a pie 
chart that might be interesting in the context of conflict-related fatalities in 
state-based conflicts’’. They further tested the tool with prompts like  
’’Calculate the sum of fatalities of state-based conflicts for one year across 
all countries and depict it as a bar chart’’. Satisfied with the outcomes, 
they commended StoryPoint ’s user-friendly layout, stating,  ‘‘It looks 
great and it was easy to use for my use case, I guess I might do that in the 
future on my own’’ (DE23). The participant suggested tool adaptations 
for specific business areas, stating,  ‘‘If the tool could create videos for 
my marketing campaigns that would solve all my problems’’ (DE23).

6. Discussion

Our formative and summative evaluations illustrated that Story-
Point, enables domain experts to intuitively create compelling data 
stories. The results of the user studies show that StoryPoint ’s data 
story creation features, such as natural language input alongside pre-
calculated charts and narrative elements are effective in providing the 
right kind of support to domain experts. Participants in our summative 
evaluation were able to create a data story for their data visualization 
use case in less than 10 min by following StoryPoint ’s suggestions and 
structure.
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6.1. Natural language data story creation

During our formative study, we gained valuable insights into the 
significance of incorporating natural language inputs for chart creation 
within StoryPoint. This feature has proven to be pivotal, as it empowers 
domain experts to seamlessly craft charts without the necessity of 
intricate analytical skills. Kavaz et al. (2023) draws the conclusion that 
the utilization of natural language input empowers users to effortlessly 
create charts by simply describing their desired outcome, obviating 
the necessity to specify chart types, columns, and axes explicitly. For 
instance, domain experts can ask for a visualization of revenue dif-
ferences between two product lines, instead of asking for a bar chart, 
with some data field on the 𝑦-axis, and grouped by another data field. 
However, it became apparent that while this freedom of language input 
was empowering for those without analytical experience, it could also 
be overwhelming for domain experts already accustomed to creating 
charts descriptively. The inclusion of customization options within
StoryPoint raises the question of how to strike a balance between 
accommodating domain experts’ creative needs and providing guidance 
to ensure optimal data story outcomes. In response to their feedback, 
we sought to bridge this gap by providing them with illustrative exam-
ple prompts and concrete example charts, offering guidance on how to 
generate charts effectively. This approach allowed them to refine and 
tailor these examples using natural language input, ultimately resulting 
in a more goal-oriented and intuitive process for domain experts when 
creating data stories. In this line, we see StoryPoint also as a valuable 
resource for rapid data story prototyping allowing decision-making 
processes to be streamlined and data-driven insights to be rapidly 
implemented. Therefore, one intriguing prospect is automating the data 
story creation process to a greater extent. While StoryPoint currently 
empowers domain experts to create data stories, it would be interesting 
to explore the possibility of automating this process further, potentially 
based on user-defined templates or GenAI-driven recommendations. 
As discussed by Shi et al. (2021) it is important to note that a fully 
automated approach to data story creation is currently not a feasible 
option. Therefore the described approach could expedite the creation 
of standardized data stories while still allowing for manual intervention 
when nuanced storytelling is required.

6.2. Quality of created data stories

Further, an intriguing aspect of StoryPoint that emerges for con-
sideration is the consistency of LLM outputs. As highlighted by one 
participant who noted that ‘‘when the tool doesn’t provide the expected 
output, one can become frustrated’’ (DE15) it becomes evident that the 
reliability and predictability of LLM-generated content are essential fac-
tors influencing effectiveness in the enterprise context. This consistency 
is particularly significant concerning the trustworthiness of the output, 
which is a critical requirement for domain experts who rely on accurate 
results in their decision-making processes. Tam et al. (2022) similarly 
emphasized the significance of enhancing the factual consistency of 
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LLMs via summarization, highlighting its crucial importance for end 
users. Following van der Lee et al. (2021), to enhance the factual 
consistency of LLMs through summarization, we have incorporated 
a warning text beneath the text field that narratives generated by 
ChatGPT may not be fully conclusive. Further, our user studies showed 
that a compelling data story is not solely dependent on the visual-
izations it incorporates; the accompanying textual narratives play a 
crucial role in communicating insights. We learned that users liked the 
option to rely on automatically generated textual narratives. Therefore, 
it is imperative to focus on quality assurance measures for both the 
generated narratives and the resulting data stories. We discovered 
that narrative characteristics, such as informativeness and readability, 
and data story quality characteristics, including professionalism and 
trustworthiness, are crucial for measuring the quality of data stories in 
the enterprise context (van der Lee et al., 2021; Ajani et al., 2022). In 
this line, Shi et al. (2021) explored the possibility of training a custom 
natural language generation (NLG) model to enhance the quality of the 
generated narratives further. Ensuring the reliability and correctness 
of the visualizations and narratives produced by StoryPoint becomes 
a central consideration, underlining the tool’s effectiveness in meeting 
the needs of its users.

6.3. Integration of StoryPoint’s design features into data visualization tools

We believe that data visualization tools like PowerBI and Tableau 
can benefit from incorporating the design principles outlined in Table 
3. Our user studies showed that more value for domain experts in 
enterprises could be provided by supporting beyond data visualization 
to encompass the entire enterprise data storytelling process, assisting 
users in structuring narratives, and delivering impactful data stories. 
Next, enhancing existing data visualization tools with natural language 
input features for chart generation can streamline the process while 
guiding domain experts toward aligned visualizations. Furthermore, 
offering predefined data story layouts, as suggested in our research, can 
encourage users to create uniform and engaging narratives. Incorpo-
rating automatically generated explanations, such as overarching data 
story purposes and chart descriptions, as proposed, aids viewer compre-
hension. Adding presentation features like an ‘‘AskData’’ (Setlur et al., 
2016) function and full-screen mode, which our studies found to be 
valuable, enhances real-time interactions and immersive experiences. 
Lastly, integrating audience feedback mechanisms, a key finding from 
our research, allows viewers to provide input on specific elements of the 
data story, fostering iterative improvements and effective communica-
tion within organizations. By incorporating these principles, PowerBI 
and Tableau would better empower domain experts and enterprises 
in their data storytelling endeavors, facilitating more insightful and 
engaging presentations of data-driven insights.

6.4. Biases in the data storytelling process

Our evaluations revealed several biases for enterprise data sto-
rytelling, which we now discuss and propose strategies to mitigate 
according to literature. Biases in AI-assisted data storytelling can stem 
from human and algorithmic factors, requiring targeted strategies to 
ensure fairness and accuracy (Habib and ElTarabishi, 2024). First,
training data bias, where AI models prioritize common patterns in 
their datasets, was evident in our system as it occasionally marginalized 
unique perspectives. We addressed this by grounding narratives more 
directly in the source data, prompting models for data-aligned outputs, 
and adding contextual information to the prompts. Validation steps 
comparing outputs to the original data could further reduce risks of 
misrepresentation (Fang et al., 2023). Second, overreliance on GenAI
is a critical concern, particularly in enterprise decision-making con-
texts, where unverified narratives could lead to poor or even deceptive 
conclusions (Moller et al., 2018). To counter this risk, StoryPoint de-
liberately adopts a human-in-the-loop design. All generated narratives 
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and charts are presented as drafts, clearly labeled as AI-generated, and 
accompanied by warnings that outputs may be incomplete or incon-
clusive. Our evaluations showed that participants consistently verified 
and refined the outputs, underscoring that human judgment remains 
central. This ensures that StoryPoint operates as a decision-support tool 
rather than a decision-making system. Additionally, prompt engineer-
ing bias, stemming from ambiguous or culturally nuanced user inputs, 
was occasionally apparent in our evaluations. We addressed this by 
implementing preprocessing mechanisms to standardize prompts, en-
suring clarity and neutrality. Finally, pre-defined templates and gen-
erated charts, though effective for standardization, were sometimes 
seen as limiting creative exploration.

6.5. Limitations and future work

StoryPoint is not without its limitations and areas for future im-
provement. Currently, the tool offers limited customization options
for data stories, such as the inability to rearrange elements or adjust 
their sizes. While this simplicity may benefit some users, others may de-
sire more flexibility for customizing data stories after creation. Current
query times (3–5 s for GPT-3.5, up to 10 s for GPT-4) may be a concern 
for users who expect faster responses. Furthermore, StoryPoint lacks 
advanced data cleaning capabilities, leaving data preparation tasks 
to be handled elsewhere. During the formative evaluation, it became 
evident that while StoryPoint offers greater benefits to domain experts, 
other user groups such as data analysts may not find it as advantageous. 
Furthermore, the export functionality is limited, and supporting ad-
vanced chart types beyond the current range of Vega-Lite options, 
such as tree maps, remains a desirable future enhancement. Finally, 
the data stories created with StoryPoint may exhibit similarities to 
dashboards, influenced by the familiarity of domain experts with 
dashboard-like interfaces. However, we recognize that this might not 
embody the optimal structure for organizing data stories in enterprises. 
Acknowledging this as a current limitation, we emphasize the potential 
for future research to explore innovative approaches for enhancing 
narrative structure and elements (Gunklach et al., 2023), guiding users 
toward these possibilities as needed.

During our evaluation sessions, we received numerous suggestions 
from users who expressed their intention to incorporate StoryPoint into 
their professional workflows. Building upon this positive feedback, it 
becomes evident that StoryPoint also warrants a longitudinal evalua-
tion. In a proposed field study, we recommend assessing not only the 
tool itself, but also the broader concept of data stories and author-
ing tools for business domain experts. This comprehensive evaluation 
should encompass both qualitative assessments of user perceptions and 
experiences and quantitative measurements of success. On this basis, 
we will continue to improve our system to make it viable for enterprise 
usage. We enthusiastically encourage others to join the open-source 
development community of StoryPoint.

7. Conclusion

Data storytelling as an effective means of communicating data-
driven insights is on the rise. However, current data visualization 
tools offer little assistance in crafting compelling data stories. In this 
paper, we introduced StoryPoint, a data story authoring tool tailored 
for domain experts in enterprises. StoryPoint supports the enterprise 
data storytelling process, empowering domain experts in combining 
charts and narrative elements utilizing natural language inputs, to 
ultimately tell compelling data stories. StoryPoint further demonstrates 
the potential of integrating domain expertise into GenAI workflows, 
offering a new direction for data storytelling tools. By embedding 
contextual metadata and user-defined goals into the data storytelling 
process, it ensures that charts and narratives are aligned with en-
terprise purposes. To design StoryPoint, we followed a user-centered 
and literature-supported approach. Our formative evaluation with eight 
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domain experts guided the development process and demonstrated 
how StoryPoint enables rapid prototyping of data stories. A summative 
evaluation encompassing (i) a small-scale experiment comparing Sto-
ryPoint ’s data creation process with a benchmark using eight domain 
experts, (ii) a large-scale online experiment with 104 crowdworkers 
assessing StoryPoint ’s data story quality, and (iii) three real-world 
industry data visualization cases, underscores StoryPoint ’s utility. The 
future of StoryPoint holds promising avenues for further refinement, 
addressing the nuances of chart generation, enhancing textual narra-
tives, and automating data story creation. We have released StoryPoint
as an open source project, to enable widespread usage, as well as 
community-driven improvements. We hope that enterprises and non-
profit organizations will implement StoryPoint within their infrastructure, 
accompanied by structured training programs to ensure effective use and 
minimize risks. Furthermore, our discussion outlines how StoryPoint ’s 
design principles could be instantiated into existing commercial data 
visualization tools like PowerBI and Tableau, enhancing these tools to 
better support domain experts in creating compelling data stories and 
presenting their insights more effectively.
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Appendix A. Interview questionnaire

1. General Questions About the Participant’s Role and Daily 
Tasks

1. What is your role in the company, and in which area do you 
work?

2. What are your recurring tasks in your daily work?
3. How familiar are you with the processes in your domain, and 
where does this knowledge come from?

4. What tools and data sources do you work with regularly?
5. How do you typically use data to support your decision-making 
processes?

2. Experience and Problems with Data Visualization Tools 
(e.g., Tableau, PowerBI)

1. What experience do you have with data visualization tools like 
Tableau or PowerBI? Where did you gain this experience?

2. For what purposes do you typically use these tools, and what are 
your main objectives?

3. How much time do you usually spend creating and analyzing 
visualizations?

4. What do you consider the strengths of current data visualization 
tools?

5. What weaknesses or challenges have you encountered when 
using these tools?

6. Have you ever had difficulties understanding data stories? What 
were these issues about, and how did you resolve them?
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7. How do you evaluate whether the contents of data stories and 
the underlying data are trustworthy?

8. What do you do when you need additional or more in-depth 
information from a dashboard?

9. Have you used tools with AI-powered features like Tableau’s 
‘‘AskData’’? What has your experience been like?

3. Requirements for a Data Story Authoring Tool

1. What do you already know about data storytelling?
2. What challenges do you see in communicating data within your 
organization?

3. How would you imagine an ideal tool for creating data stories?
4. What features would be particularly helpful to better communi-
cate data?

5. Do you think a data story authoring tool could help you present 
data more effectively? Please explain.

6. What features do you feel are missing from current tools to (1) 
create data stories easier, (2) present data clearer and easier to 
understand?

7. Do you think these requirements are generalizable or specific to 
your business domain?

8. How important would it be for a tool to adapt stories for different 
audiences automatically?

9. Would features like automated insights, trend highlighting, or 
contextual summaries be helpful?

4. Think-Aloud Session with Tableau (Including ‘‘AskData’’)

1. For this session, please create a simple data story using Tableau 
and its ‘‘AskData’’ feature. While doing this, please describe your 
thoughts out loud.

2. How did you find the process of creating a data story with 
Tableau?

3. What difficulties did you encounter while using the ‘‘AskData’’ 
feature?

4. How intuitive did you find the interaction with Tableau during 
this task?

5. Were there any functionalities missing that would have made 
creating the data story easier?

6. In your opinion, what could improve the process of creating data 
stories in tools like Tableau?

Appendix B. Search string

‘‘data storytelling’’ OR ‘‘data-driven storytelling’’ OR ‘‘data stories’’ OR 
‘‘data story’’ OR ‘‘narrative visualization’’ OR ‘‘data comics’’ OR ‘‘data 
journalism’’ OR ((‘‘storytelling’’ OR ‘‘narrative*’’) AND (‘‘data visualiza-
tion’’ OR ‘‘information visualization’’ OR ‘‘visual analytics’’ OR ‘‘business 
intelligence’’))

Appendix C. Related work

See Table  C.6

Appendix D. Third summative evaluation

See Fig.  D.8.

Data availability

We have shared the link to our code in the manuscript footnote.
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Table C.6
This table compares related data storytelling tools based on domain knowledge integration, output format, target users, and enterprise integration. It highlights 
differences in support for domain expertise and interactivity including limited enterprise integration.
 Tool Domain knowledge integration Output format Target user Enterprise integration 
 Calliope (Shi et al., 2021) Limited to data-to-chart 

transformation
Static charts with captions Non-technical users Limited integration  

 Datashot (Wang et al., 2020) None Static fact sheets General users Partial integration  
 Text-to-Viz (Cui et al., 2019) None Static infographics Lay users No integration  
 ChartAccent (Ren et al., 2017) Manual annotations only Annotated static 

visualizations
Data analysts No integration  

 SketchStory (Lee et al., 2013) User-driven customization Freeform visuals Presenters No integration  
 Erato (Sun et al., 2022) User-defined keyframes, 

collaborative editing
Interactive storylines Analysts, designers No integration  

 Notable (Li et al., 2023) None Interactive dashboard 
narratives

Business analysts Limited integration  

 CLUE (Gratzl et al., 2016) Manual templates for domain 
knowledge

Static reports Data analysts Limited integration  

 InsideInsights (Mathisen et al., 2019) Interactive analysis with 
user-defined narratives

Interactive visuals General users No integration  
Fig. D.8. This figure shows real-world data stories created with StoryPoint, including analyses of geopolitical conflict trends (use case 1), risk evaluation (use 
case 2), and social media marketing effectiveness (use case 3).
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