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Fig. 1. Excerpts from participants’ exploratory visual analytic conversations, including sequential
utterances, derived from our interview (E#) and crowd-sourced (P#) study participants.

We investigate the potential of leveraging the code-generating capabilities of Large Language Models (LLMs) to
support exploratory visual analysis (EVA) via conversational user interfaces (CUIs). We developed a technology
probe that was deployed through two studies with a total of 50 data workers to explore the structure and flow
of visual analytic conversations during EVA. We analyzed conversations from both studies using thematic
analysis and derived a state transition diagram summarizing the conversational flow between four states
of participant utterances (Analytic Tasks, Editing Operations, Elaborations and Enrichments, and
Directive Commands) and two states of Generative AI (GenAI) agent responses (visualization, text). We
describe the capabilities and limitations of GenAI agents according to each state and transitions between
states as three co-occurring loops: analysis elaboration, refinement, and explanation. We discuss our findings
as future research trajectories to improve the experiences of data workers using GenAI.
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1 INTRODUCTION
Dataworkers are leveraging automation to support their analysis and visualization of data [9, 74, 79].
However, existing approaches for automation tend to target the model-building phases, with fewer
methods that support the preliminary, but essential, exploratory visual analysis (EVA) phases [10].
A unique challenge of EVA is that analysis outcomes need not be concretely defined at the outset
and are typically resolved through multiple, often parallel, iterative cycles of information foraging
and sensemaking [35, 36, 58, 61, 63, 71]. Such a branching and refining analysis structure can be
difficult to automate, and, technical attempts to do so have been met with criticism of brittleness
and rigidity[51, 64]. Moreover, EVA can require extensive domain knowledge, which, to date,
has been difficult to represent and be used by automated techniques[5, 51]. The code-generating
capabilities of Large Language Models (LLMs) [4, 18, 56], and for data analysis and visualization
specifically [8, 12, 47], present an potent, but under explored, avenue to automating EVA.

Our research examines the capabilities of LLM-generated code to support EVA via a conversa-
tional user interfaces (CUI). Conversational interfaces that support visual analytics can be standalone
applications, like Iris [16] or ChartChat [28], or embedded within notebook environments [22]. Our
goals are to examine the structure of these conversations between a data worker and a Gen-
erative AI (GenAI) conversational agent and to compare our observations to pertinent and
well-established tasks for visual analytics. Prior research has conducted limited explorations
of visual analytic conversation for EVA and has reported predominantly on responses to singular
utterances. With our goal of studying EVA conversations in mind, we considered the following
research questions:

• RQ1: How do GenAI conversational agents compare to, and fit, into data workers existing
EVA workflows?

• RQ2: What is the structure of EVA conversations and how do they evolve?
– RQ2A: What types of utterances do data workers pose?
– RQ2B: How do GenAI conversational agents respond to utterances?

To answer these questions, we conducted two studies with data workers, aided by AI Threads,
a technology probe that we developed (Section 3). The first user study conducts semi-structured
interviews with ten participants that examine their perception of GenAI agents and how they could
impact their current analysis practices (RQ1; Section 5). The second study builds on the results of
the first by conducting a broader survey with an additional 40 participants to surface the structure
of the EVA conversations (RQ2; Section 6). Through these studies and their findings, our research
makes the following contributions: First, we provide an examination of the utility of GenAI
conversational agents for EVA from the lens of data workers. Our findings show that the
primary role of GenAI is to speed up tasks, and that this affordance can help data workers discover
new insights even on datasets they are familiar with. Second, we derived a state transition
model that model EVA conversational flow between four types of participant utterances (Ana
lytic Tasks, Editing Operations, Elaborations and Enhancements,Directive Commands)
and two types of GenAI agent responses (visualization and text). From this transition model, we
describe three common loops (analysis elaboration, refinement, and explanation) that co-occur
throughout EVA conversations. Finally, we provide an annotated dataset of visual analytic
conversations of 502 utterance-response pairs.These can be used to further examine and probe
ways that GenAI Agents can support EVA conversations with data workers.
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2 RELATEDWORK
We cover related research examining data workers’ perspectives on automation, techniques for
supporting analytic conversational interfaces, and visual natural language interfaces (V-NLIs).

2.1 Examining Perspectives toward Automation in Data Work
Data workers and their practices have been a subject of study across the HCI, CSCW, and Visualiza-
tion research communities [10, 53, 75]. As the tooling ecosystem for data work evolved, increased
scrutiny was directed towards understanding the use of automation in data work [9, 15, 74, 75, 79].
Wang et. al. [75] use a technology probe to center the conversation with 20 data workers and
understand their attitudes toward automation. Both Crisan et al. [9] and Xin et. al. [79] interviewed
29 and 16 participants, respectively, to investigate the contemporary usage of tools that automate
data work. They also summarize the degree of human intervention desired, or required, across the
activities of data work. Drozdal et al. [15] interviewed 20 data workers to capture their perspectives
on transparency and trust in light of automation. The evolving capabilities of GenAI agents have
introduced new avenues for automation in data work. Li et al. [40] explored how 18 data workers
would collaborate with generative AI agents for data storytelling. Gu et. al. also use a technology
probe in an interview with 22 data workers to understand how they use AI assistance in data
analysis [23]. In a separate study, they also use a Wizard-of-Oz (WoZ) protocol to investigate how
participants respond and rate different kinds of suggestions to support analysis planning [22]. Tory
and Setlur [71] similarly used a WoZ design to examine how 42 data analysts, a category of data
workers [10], use CUIs for preliminary data exploration. Their follow-on research [63], also explores
different modalities for interfacing with AI assistants. Both studies [63, 71] were conducted before
the popularization of GenAI agents, but anticipate their affordances and role in data work.

Our research deepens the investigation of GenAI-supported EDA by gathering data worker perspec-
tives to bridge ideas about automated analytic assistants and CUIs from past work.

2.2 Conversational Agents for Visual Data Analysis
Conversational user interfaces (CUIs) facilitate an interactive dialogue between the analyst and an
automated agent [50]. CUIs have been explored in a variety of domains, from mental health, to
education, finance, and hospitality. We focus on the subset of prior research that has examined CUIs
specifically for data analysis and visualizations. CUIs for use in data analysis have explored a variety
of techniques for mapping utterances to analytic outputs [34, 63]. Iris [16] implements a domain-
specific language to map participant utterances to pre-specified analytic functions. Their interfaces
support a single-threaded conversation and can produce both text and visual responses. Meaning
that the entire conversation history is one continuous sequence of questions and answers. Most
notably, Iris can incorporate sequential utterances to compose the agent’s responses. Other research
explores more question-and-answer scenarios with visualizations. Kim et. al. [37] implement
a pipeline that leverages natural language templates to facilitate a conversation for explaining
visualizations. Their research similarly emphasizes the importance of taking sequential utterances
into account to produce visualizations. Recently, Maddigan et. al [47] created Chat2Vis and explored
the ability of different generative AI agents to generate visualizations in response to user utterances.
However, their research did not consider sequential utterances, only singleton question-answer, or
evaluation with users. Prior research has also relied on the use of technology probes and human
wizards [28, 63, 71] to investigate the expectations and evolution of visual analytic conversations
and the interplay between text and visual responses.

Our research further probes the capabilities of CUIs to serve as tools for automating data analysis.
We extend prior work by analyzing and describing the branching structure of EVA conversations
(Section 3.1), noting the potential of multi-threaded CUIs.
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2.3 Generative AI for Visualization & Visual Natural Language Interfaces
Visual Natural Language Interfaces (V-NLIs) are another subset of Natural Language Interfaces,
which broadly includes visual analytic CUIs [64]. V-NLIs share many similar methods with CUIs to
create appropriate mappings from utterances to dataset attributes, data transformation, and visual
encodings, but V-NLIs do not necessarily support conversational turn-taking. Initial approaches,
such as DataTone [21], Eviza [62], and FlowSense [80] used parse trees, grammar, rules, or heuristics
to resolve these mappings. SNOWY [65] uses templates and parse trees to suggest follow-on
utterances based on the present visualization the user generated. These prior works also uncovered
the challenges of managing ambiguous utterances, as well as, capturing and modeling the semantics,
intent, and pragmatics of these conversations [29]. The Orko system [67] reified these channels with
a non-tabular datasets. More recent approaches have tried to learn these mappings directly from
the data using machine learning approaches, including Deep Neural Networks. Examples for such
systems include, Advisor [42], ncNet [46], Talk2Data [26], and Urania [25]. DNN approaches vary
in the specific architecture and labeled training corpora they use to learn mapping functions. While
many techniques have been explored, they are still considered too brittle to effectively respond to
diverse analytic conversations [47, 64]. =

The use of generative AI for data analysis and visualization is relatively recent but actively
explored. Recent tools such as Chat2Vis [47], LIDA [12], and Data Formulator [73] provide pre-
liminary evidence that suggests LLMs outperform other approaches for understanding a natural
language utterance and producing an appropriate visualization. Li et. al. [39] conducted a recent
analysis to further demonstrate that LLMs are capable of generating code for data specifications.
However, these systems primarily explore just the generation of a single visualization at a time,
not a conversation, and, moreover, have limited user testing. LLMs have also been explored for
visualization tasks that are adjacent to data analysis, such as automatic chart summarization [33, 70],
chart-question answering [13, 48], and data-driven story generation [27].

Our research explores the capabilities of GenAI agents to support visual analytic conversation. We
surface and describe a variety of human utterances and agent responses.

3 AI THREADS: AN EVA CONVERSATIONAL AGENT TECHNOLOGY PROBE
In this section, we describe the design and implementation of AI Threads, a technology probe [31]
that we use to conduct our research. Following the approaches of prior work [71, 74], we use AI
Threads and a common dataset to conduct two studies, one to understand the role of GenAI (Sec-
tion 5) and a second to further elaborate on the structure of EVA conversations (Section 6). The
primary purpose of AI Threads is to serve as an interface for conducting EVA with a GenAI conver-
sational agent, while also collecting, storing, and replaying user conversations. For transparency
and reproducibility, we provide the code 1, additional details of AI Threads’s implementation in
Appendix B, and examples of its capabilities in Appendix C.

3.1 Supporting a Branching Dialogue Structure
Conversational User Interfaces (CUIs) can take on a variety of designs that support different
conversational structures, such as reflection, learning/instructional, and counseling [50, 52]. The
current majority of commercial and research CUIs use a single-threaded conversation-centric design,
meaning that humans and AI agents take turns and the conversation proceeds sequentially in a
single chat window pane (e.g., as in Iris [16]). However, prior research has shown that exploratory
analytic processes, both with and without a conversational agent, have a branching structure. For
example, studies of computational notebooks show that data scientists create ‘analysis branches’

1https://osf.io/6wxpa
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to organize and structure their analysis. [35, 36, 58, 61]. A small set of studies [28, 63, 71] have
suggested this is also the case for visual analytic conversations with chatbots. Tory and Setlur
demonstrated, via a pair of Wizard of Oz (WoZ) studies [63, 71], that it was common for study
participants to operate within a common context when refining or elaborating on a particular
analysis, but would then shift context entirely when seeking to pose a new question – the result was
a branching conversational structure. They showed the need for, but did not develop, alternatives
for the common single-threaded designs.

AI Threads was developed to support a branching analysis structure. It does so in a simple
way by giving users the option to open a thread and continue to conversation in a side panel. While
this is a slight departure from present single-threaded chatbot interfaces, it still follows common
multi-threaded conversational interface design patterns (e.g., Slack). In Section 3.2, we discuss the
interface elements, including the addition of the Thread panel, which was designed to support
branching conversations. In Section 3.3, we discuss how we also take advantage of this branching
conversation structure to manage GenAI agent context. As multi-threaded designs for CUIs have
been long explored [17], and are an intuitive extension to support visual analytic conversations,
we do not extensively validate this design choice. However, we did assess it in both studies and did
not find any significant issues.
3.2 Technology Probe Design
An overview of AI Threads is shown in Figure 2. In Figure 3 we provide an overview of the pipeline
that AI Threads uses to coordinate between the interface, data, and GenAI agent.

Participants upload a dataset to AI Threads (not shown) and are directed to the Main Chat area
to begin their analysis and converse with the agent. The agent’s response can be either text or
static visualizations with an accompanying explanatory caption. The Main Chat area includes
an utterance input panel, a Data Dictionary panel, which provides an AI-generated and user-
modifiable description of the dataset’s attributes, and a panel that retains the diarized chat history.

To converse with the agent, participants can type an utterance or select , which will prompt
the model to “Show me something interesting”. The agent responds in the Main Chat. To further
refine a visualization or elaborate on analysis (e.g., create an analysis branch), the user can click
on the button that triggers the Thread panel. For example, they may choose to modify
attribute bindings to different channels (by adding or removing them), modify the data transfor-
mations (e.g., the bin width in a histogram), add highlights or annotations, and add reference
or regression lines among other operations [38, 60]. The conversational agent was programmed
to encourage users to employ a Thread by including the text “My responses may not be perfect!
Please open a Thread to improve this chart”, with each visualization response. The Thread panel also
contains a conversation history and utterance input area. Once a user completes their refinements
in the Thread, the visualization in the Main Chat is also updated and becomes part of the main
analytic context without the intermediary refinement utterances. The content of a Thread persists
even after the user closes the panel, allowing them to continue their analysis or share with others
how their analysis evolved.
Responding to Errors. If the agent produces an error, or, if the user is not satisfied with the
response, they can click the button to automatically re-trigger another attempt. Both the
current and prior responses are retained and the user can scroll through them using or arrows.
Users can opt to redo a response at any point during the conversation, and this does not delete
utterances or responses that follow it in the conversation. Importantly, only the most recent version
of the response is retained and passed as context to the GenAI agent. Typing ‘Undo’ will remove
the most recent utterance from the chat history so that it is no longer visible to the user either, in
addition to removing it from the context passed to the GenAI agent.
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Fig. 2. AI Threads interface. The Main Chat area contains the conversation history diarized by the user’s
and chatbot’s responses. To modify a visualization in collaboration with the agent the user can 1) open the
Thread panel (right). The Thread panel retains a history of modifications that a user can return to and further
refine at any time. Closing a Thread updates the visualization displayed in the Main Chat conversation with
the latest version in the Thread panel. When in the Main Chat area, the user can 2) pose their utterance
in the input panel. The Main Chat also includes an 3) editable and persistent Data Dictionary, which
describes the dataset. When agent outputs are re-generated after clicking a redo button, the user can 4) click
the arrow keys to revert to previous generative outputs. This figure is a snapshot from P13 analysis (Section 6).

3.3 Implementation
An overview of AI Threads’ workflow for responding to user utterances is shown in Figure 3.
We implemented AI Threads using Svelte on the frontend and Python REST API on the backend
to manage the code execution. AI Threads retains a record of the entire analytic conversation,
including whether the user’s utterances were part of the Main Chat or Thread, the code that was
generated, and the response that was produced. These records can be reloaded into AI Threads .

3.3.1 Managing Datasets. Passing an entire dataset to a GenAI agent has obvious limitations.
Instead, AIThreads passes a data dictionary to the agent, which is a high-level structured description
of the dataset including a definition of its attributes. Data dictionaries are commonly used to pass
information between human workers [59] and we incorporate this idea into the system prompts
to the agent and from AI Threads. Through the Data Dictionary pane, users can modify this
information. Generating such structured summaries of datasets and using them to augment the
analysis of data tables is one of several possible approaches [69]; however, this is also an active
area of research, whose outputs will impact the design of CUIs supporting EVA. In theory, using
structured summaries, instead of passing some or all of the dataset, could allow an agent to manage
datasets of different sizes, and would be limited primarily by the number of dataset attributes and
the size of the resulting data dictionary that an LLM can handle as part of its token limits. However,
as token limits pertain to both a single prompt and the entire conversational history, the notion of
how large a dataset conversational agents can scale to is a dynamic value. Answering this question
fully is beyond the scope, but an interesting area of future work.
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Analyst Execute Code Extract Code ModelOutput

System Prompt (Fig. B.2) + Data Dictionary + Examples + Messages in Main Chat

System Prompt (Fig. B.3) + Data Dictionary + Messages in Thread

Fig. 3. Overview of AI Threads’s code generation pipeline. AI Threads prompts a GenAI agent to generate
executable python code in response to a user utterance. The conversational context passed to the GenAI
agent differs depending on whether the utterance is posed in the Main Chat (figure top) or Thread (bottom).

3.3.2 Managing Conversational Context. Context refers to the history of the conversation. In
single-threaded interfaces, this refers to the entire dialogue, limited by the context allowance of the
model [76]. While context lengths for LLMs are constantly extending, this does not necessarily
improve the model’s performance [43]. Borrowing ideas from Tory and Setlur [71], AI Threads,
uses information on whether the conversation is occurring in the Main Chat or Thread panel
to prioritize conversational context. When a user opens a thread, AI Threads provides the GenAI
agent with a different set of instructions and conversation history compared to the Main Chat
(see Figure 3, top). Within a Thread, an agent is instructed to revise an existing piece of code based
upon the user’s subsequent utterances (Figure 3, bottom). Using conversations and examples from
a previously published studies (see Appendix C) we found that this approach improves incremental
updates to charts, compared to using a single context thread. As our goal was to generally understand
the structure of visual analytic conversations with GenAI, we did not exhaustively consider and
compare alternative approaches. More extensive explorations for context management specific to
data analysis are outside the scope of our research, but could be an area of future work.

3.3.3 Prompt Engineering. In developing AI Threads, we experimented with different prompts
to encourage the GenAI agent to produce code from which we can render and display a data
visualization. We did this because ChatGPT, and even Code Interpreter [1], have a preference for
producing text outputs over code that generates visualizations. Moreover, the sensitivity of model
behavior to multiple prompts is well established. We explored several techniques for generating
and evaluating multiple, but related, prompts and comparing their results [3, 81]. Using established
analytic tasks from prior works (See Appendix C), we primarily assessed whether the agent
consistently produced executable code that, when appropriate, displayed a visualization. Finally,
we also compared to Code Interpreter [1] to ensure response consistency. For transparency, the
final prompt and instructions we developed are described in Appendix B.

3.4 AI Threads Study Configuration
Prior research exploring new technologies for facilitating automation in data analysis have used
a common dataset [71, 75] to conduct studies, without loss of generality. We apply the same
strategy and the same titanic [20] dataset in both our studies. The primary reason for this choice
is that sought to assess how people interact with GenAI agents for EVA – not necessarily how
effectively agents perform different analytic tasks and datasets, which should be established via
a benchmark. Since, the titanic dataset is well-studied, and likely part of an LLM’s training
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data, we hypothesized that agent responses would be higher quality (e.g., more likely to generate
executable code, and appropriate responses). We wanted to exploit this over-performance to study
the evolution of EVA conversations under more ideal, and less error-prone, scenarios. We could
reasonably expect that GenAI performance would degrade on novel datasets. However, recent
research also finds that while LLMs do perform well on their training datasets, they are also non-
trivially performant on novel datasets [6]. People are also generally knowledgable of the Titanic
sinking event, if not the specific dataset, meaning analysts can ask the agent questions that cannot
be answered with the dataset (our studies show this does occur). Prior research has not examined a
blending between an agent’s general knowledge and a user’s data. Finally, it remains unclear how
commercial LLMs, which we use here, retain data. While a user can upload their own data to AI
Threads, concerns about data privacy proved this to be a non-starter. Moreover, at this time, the
performance of open-source LLMs for code generation significantly lags behind commercial tools –
this may change in the future. We discuss potential limitations of this dataset choice in Section 7.2.

4 OVERALL APPROACH
We explored the structure and evolution of exploratory visual analytic (EVA) conversations involving
GenAI by conducting a study with two complementary parts. Both parts rely on AI Threads to
scaffold reflection, discussion, and overall impressions. The first part (Section 5) involved semi-
structured interviews with data workers to understand the context and perceived role of GenAI
in their exploration processes. It also provided a close assessment of AI Threads’s design choices.
The second part (Section 6) analyzed a broader sample of EVA conversations involving AI Threads,
defining dialogue structures by classifying and analyzing participant utterances and agent responses.
Collectively, these two studies situate the context of use for GenAI agents within the evolving and
branching structure of EVA.

5 STUDY I: SEMI-STRUCTURED INTERVIEWSWITH DATAWORKERS
The main goal of this first study was to examine data workers’ perceptions toward the capabilities
of GenAI agents for data analysis and visualization (RQ1). The perspective of these experts can
inform the ways that GenAI conversational agents can be situated in EVA activities.

5.1 Participants & Recruitment
Defining Data Workers: Prior research has shown that data workers have a myriad of roles and
skills [10, 53, 75]. Some data workers are capable programmers while others use interactive tools
to conduct their analysis. We aimed to recruit participants from across this spectrum to have a
broad understanding of how GenAI may be used within EVA phases of data work. Rather than
restrict participants to having specific roles (e.g., ‘Data Scientist’, ‘Machine Learning Engineering’),
our inclusion criteria focused on participants’ routine use of either programming languages (e.g.,
R, Python, D3) or specialized interactive tools (e.g., Tableau, PowerBI, Excel) to conduct data
work. The use of GenAI in present workflows was not a requirement, as there a number of factors
(e.g., corporate policy, concerns about privacy, personal preference etc.) that would influence or
significantly limit its use.
Recruitment and Demographic Overview: To recruit participants, we distributed an intake
survey, which asked participants about their expertise and technical backgrounds, via social media.
We received a total of 34 responses; of those, 10 participants met the inclusion criteria for our study.
An overview of participants is in Table 1; the participants were predominantly male (n=9) and three
said they had used generative AI models to conduct data analysis (primarily via Code Interpreter).
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Table 1. Overview of Participants from Study I
Participant Role Analysis Tools LLM Use
E01 Data Visualization Expert; Business Analyst Excel and/or Google Sheets; Tableau No
E02 Engineering Manager Excel and/or Google Sheets; Tableau Yes
E03 Visualization Software Engineer Python and/or R; D3 No
E04 Data Scientist / Engineer Python and/or R; Tableau Yes
E05 Technical Writer Excel and/or Google Sheerts No
E06 Data Visualization Experts; Business Analyst Excel and/or Google Sheets; Tableau; SQL; Dataiku;Spotfire; Smartsheet Yes
E07 Business Analyst Excel and/or Google Sheets No
E08 Machine Learning Scientist / Engineer Python and/or R; D3 No
E09 Engineering Manager Excel and/or Google Sheets No
E10 Data Visualization Expert; Business Analyst Excel and/or Google Sheets; Tableau Yes

5.2 Session Protocol
5.2.1 Intake. We gathered participants’ consent to participate in the study and then asked them to
elaborate on their background, role, tool use, and perception of generative AI agents. All participants
were aware of GenAI agents and their ability to conduct naturalistic conversations, even if they did
not know about the code generation capabilities of these agents or had used them to analyze data.

5.2.2 Dataset Analysis. As part of the intake, participants were also presented with a video showing
an overview of AI Threads’s capabilities. They were then asked to use AI Threads to analyze
the canonical Titanic dataset (see Section 3.4), to identify and visualize factors contributing to
overall survival. For practical purposes, participants were given the choice to analyze the dataset
before the session or during – this decision was made to be reasonably accommodating to busy
professional schedules. When participants chose to conduct the analysis during the session, the
study administrators refrained from asking any probing questions or making clarifications. We
recorded session logs (Section 3.3) for all analyses regardless of when they were conducted.

5.2.3 Discussion. All participants were invited to join an ‘on-camera’ session to discuss their
analysis. For participants who chose to conduct the analysis in session, this meant that we started
the meeting recording at this time. The discussion phase focused on the participants’ data analysis,
but we also asked them to reflect on their current practices and how they may use GenAI. With
all participants, we reviewed their analysis and asked probing questions about their utterances
and the agent’s responses. We asked them to think-out-loud and posed a set of pre-determined
probing questions (see Supplemental Materials) asking participants about their analytic intents, their
impressions of the agent’s responses, the quality of the visualizations, and the overall usability of AI
Threads, including errors that arose during their session. Participants were also asked questions
to about the overall usability of AI Threads to establish the impact of our design choices, if any,
on the study results. After each session, study administrators conducted a debrief to discuss our
observations and emergent themes from across sessions.

5.3 Study Data Collection and Analysis
Each session included one study administrator and a note-taker. The study administrator followed
a pre-defined script (see Supplemental Materials), but, where appropriate, they would also follow
up with improvised probing questions. In addition to administrator notes, we collected recordings,
diarized transcripts, and AIThreads name session logs for each participant. We conducted a thematic
analysis [54] of the the session logs. We began our thematic analysis with ∼30 utterance examples
from the session logs, which we attempted to group into similar themes. As we proceeded through
the remaining utterances themes expanded in size or emerged organically. Through iterative
refinement, we consolidated and organized the utterances and developed descriptive names for
each theme. All study documents and analyses are available in the supplementary materials.
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5.4 Results
Participants discussed their overall strategies and impressions for interacting with the GenAI agent
through AI Threads. They contrasted their experience with tools they presently use, and made
further suggestions for improvement.

5.4.1 GenAI Agents can Support Branching EVA Processes. Even though participants all had the
historical context for the Titanic event, and in some cases had used the dataset, their first steps
were to “ask simple questions just to [get] orient[ed]’[E08] and then to “narrow [their] questions
based on responses [they were] getting”[E06]. Participants found the GenAI agent helped to speed up
data orientation and exploration. E06 felt that “its ability to do basic analysis was really good [and
that] you can get [a] quick analysis”. E07 concurred, stating that “it would save a lot of time writing
the commands [and] I can get a lot of analysis done”. E05 found that visualizations were especially
useful to drive analysis iteration: “I was trying to get an answer as quickly as I could, which is why
a graph is a great way to do that”. This process of going from broad questions, posed in parallel,
to narrowing on more specific questions over time further confirms prior observations that EVA
dialogues, even with GenAI agents, continue to follow a branching structure.

While leveraging GenAI to explore these data questions, participants found that the inclusion of
threads helped them organize their analysis. E02 found that “having it [the thread] visually separate
from the main thread […] was really great” and made following the analysis more “visually clear”.
E09 felt that “keeping the context with a certain aspect with[in] the threads is great”. Reflecting on
their use of threads, E08 commented that “outside of thread was different enough where I wanted to
start over [and I] used the thread to modify things [visualizations]”. This was a very useful feature
for E03 who commented that “the fact that you can do a non-linear refinement of one thing and still
keep the context [while you] delve into one particular graph […] was probably the most useful thing”.
Participants’ overall feedback supports multiple, over a single, conversational thread.

5.4.2 GenAI Enables Rapid Iteration. A key feature of how GenAI agents supported EVA was by
enabling rapid iteration between exploration, examination, and refinement. Participants did not
raise any specific concerns about response latency, and our assessments confirm that the average
delay ranged from a few seconds to up to 30 seconds. E08 summarized a common sentiment that
GenAI resulted in “a pretty fast iteration cycle to go from the query to the visual”. E03 reflects that “the
first time making a dashboard [with D3], I think it took me like 2-3 weeks to get that done. I think
having something like this for a first pass would be definitely very useful.” For several participants,
this resulted in new insights about the dataset because they could ask questions easily and receive a
response quickly. Notably, both E02 and E10, who had analyzed the Titanic dataset, were surprised
to discover something new. E02 expressed that they “learned a lot about the dataset in a fun way,
without necessarily doing a lot of work [like] linking and dropping columns and rows.” E10, commented:
“I have played with this data a long time ago, so I knew some of the things, but […] I didn’t realize
the survival rate by age was so spread out” These results align with prior research in automating
data science that indicates participants often want the most support at earlier stages of the data
workflow where there exists greater ambiguity and need for human and AI interaction [9, 74, 79].

The ease of producing quality visualizations and appropriateness of the results to participant
utterances helped rapid iteration. E03 stated that they “think it’s cool in general that you can do
this, that you can just take natural language and get a pretty good graph to get what you want”. As
their exploratory analyses evolved, participants felt that keeping track of the visualizations could
become difficult. E10 explained that “if I build, 200 charts in an hour of data exploration […] I’d love
to be able to just see the movie reel of all of those things [I’ve built].” Automatically summarizing the
analysis is not trivial to resolve and is beyond the scope of this work (see Section 7.1.1).
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Rating Agent’s Overall Responses Rating Visualization Responses

Participants Impressions

Examples from Participant’s Sessions

Elaborate & Enrich, Editing Operation | P40Analytic Task | E08 Editing Operation | P23

Fig. 4. Themes and examples of participant utterances from Study I (E#) and Study II (P#). In Study II
(Section 6), we focused on further defining and extending the structure of EVA conversations.

5.4.3 Emergent Conversational Structure. Analyzing the session logs, we observed patterns (themes)
of utterances occurring across all participants. One theme was utterances that posed analytic
tasks common to EVA, for example, to aggregate values (“What is the survival rate by age?”[E10]),
filter values, or compare two values. Another clear theme was utterances that aimed to edit
visualization results, such as adding or removing variables (“Remove sex from the chart and
add Survived[E10]”), adding annotations (“add the count of the number of passengers”[E01]). We
also observed utterances with the common theme of elaborating on the analysis, by trying
to retrieve information beyond the dataset (“Do you know when the Titanic sink[sic]?”[E02]) or
soliciting suggestions( “what other alternative charts should I consider?”[E05]). A final theme was
utterances in the form of directive commands (“ ok, use this value to calclunate[sic] the total fare
in today’s rate”[E02]). To enable more nuanced conclusions about EVA’s conversational structure,
Study II (Section 6) involved a larger participant sample analyzed alongside this study.

5.4.4 Limitations and Areas for Improvement. Some participants reported friction in their interac-
tions. For example, E01 was an outlier in finding the chat modality too restricting and wanted more
of a multi-modal interaction experience: “there’s a reason why I use a visual tool like Tableau. And
that’s having a tool that gives me a useful abstraction from manipulating the data to what I’m doing
[…]”. Another participant felt that the agent’s response lacked some nuance or did not entirely
understand the user’s intent. For example, E05 indicated that they wanted the GenAI agent to add
visual embellishments without being told to do so: “let’s say my question was what were the top
three. It would be nice to highlight them [in the chart]”. Tied to nuance was the agent’s proactivity
in responding; some participants felt that the agent should communicate more proactively when
encountering errors, or highlight possible analysis paths. E09 felt it would be helpful for the agent
to proactively make “suggestions and recommendations”. However, the majority of participants did
not report or suggest any serious limitations.
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6 STUDY II: EXAMINING THE STRUCTURE OF VISUAL ANALYTIC CONVERSATIONS
The goal of this subsequent study was to gain an expanded perspective into the scope of visual
analytic conversations with GenAI agents (RQ2). This study also uses AI Threads as a technology
probe for analyzing and visualizing a dataset. Compared to the prior study, it recruits a larger
participant pool and focuses more on the types of participant utterances, the agents’ responses,
and the cooperative dialogues between humans and AI agents. The results of both studies provide
insights into how data workers shape visual analytic conversations (RQ2A) in light of agent
responses (RQ2B) and can be used to improve both the agent’s responses in the future.

6.1 Participants & Recruitment
6.1.1 Recruitment. We recruited participants from the Prolific platform2, aiming to collect a bal-
anced gender sampling. To select for data workers, we pre-screened candidates according to their
self-reported technical skills, requiring that they had coding experience and expertise in program-
ming languages or tools commonly used for data work. We also required that they be based in the
United States, have an approval rating between 80-100, have completed at least 100 approved prior
tasks, and have English language proficiency. All participants completed an intake questionnaire
about their backgrounds using the same survey from the prior study. Here, we only report on the
results of participants who further met our definition of data worker (Section 5.1). We anticipated
approximately 20 minutes to complete the study, for which they were compensated $10.50\hour,
which is above the US federal minimum wage. We screened all participants’ session logs, removing
participants who did not use AI Threads in a manner relevant to the study, for example, by posing
a few utterances and then leaving the browser open to extend the time.

6.1.2 Demographics and Skills. We recruited a total of 40 participants (Table 2). Our study had
a roughly even breakdown of participants who identified as female (n=19, 47.5%) or male (n=21;
52.5%). A total of 7 (17.5%) participants indicated they were currently students. The average age was
35 (f064 = 14.5). Participants completed intake questions identical to the previous study (Section 5).
From this intake, we know that nearly half (n=17; 42.4%) of participants had a background in either
computer science, data science, machine learning, or natural language processing. Moreover, 35
(70%) reported routinely conducting data analysis, primarily with spreadsheet programs (Excel or
Google Sheets; n=26; 65%) and/or scripting languages (Python or R; n=9; 22.5%); two participants
(P02 and P31) reported previously analyzed the Titanic dataset. Despite the technology’s recency, 9
participants (22.5%) reported previously using a GenAI (e.g., Code Interpreter) to carry out data
analysis. These self-reported skills overlap with those of data workers in our prior study. Only
two participants (P11 and P14) reported background programming experience or other analysis
tools; however, this conflicted with their self-reported information on Prolific. After reviewing
their sessions, we found they were of good quality and so opted to retain them.

6.2 Session Protocol
We used the same intake survey and dataset analysis as with the previous study (Section 5). Instead
of semi-structured interview procedures, participants were asked to respond to a survey that rated
the overall user experience, the agent’s response, and the quality. Participants were encouraged to
conduct a free-form analysis, but we also asked all of them to answer a fixed set of three questions.
Participants were also given the option to detail any errors they encountered in the analysis session.
We also provided them with the opportunity to provide general feedback. The average session was
approximately 24 minutes. The shortest session was 10 minutes and the longest was 65 minutes.

2https://app.prolific.co/
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Table 2. Overview of 40 participants recruited for Study II. In some instances (indicated with *) there was a
mismatch between what participant’s reported on their profiles and their responses to our intake survey. The
majority of participants without programming experience use Excel and/or Google Sheets for analysis.

Factor Category Participants To-
tal

Analysis Tools

Excel and/or Google Sheets P01, P02, P03, P04, P05, P06, P07, P08, P10, P12, P13, P17, P18,
P22, P23, P24, P25, P26, P28, P29, P31, P34, P36, P38, P39, P40

26

Python and/or R P08, P13, P15, P17, P18, P19, P26, P28, P30 9
Stata P18 1
None* P09, P11, P14, P16, P21, P27, P20, P32, P33, P35, P37 11

Programming
Experience No* P01, P03, P05, P06, P07, P09, P10, P11, P14 9
Prior LLM Use Yes P04, P07, P15, P17, P22, P29, P31, P34, P36 9

6.3 Study Data Collection and Analysis
6.3.1 Data Collection. In addition to each participant’s session log, we administered a session
quality survey that gathered Likert scale and free-form textual responses. Likert scale values
included Strongly Disagree, Disagree, Neutral, Agree, and Strongly Agree. As with the prior study,
the session logs include a full transcript of the analysis conversation conducted within AI Threads,
which constituted the participants’ typed utterances as well as the agent responses, including both
the code generated for data transformations and visualization specifications and finally a PNG
image of the resulting visualization presented to the user (Section 3.3). If participants opted to
redo an agent’s response, either because there was an error or because they wanted a different
visualization, we also retained a record of this action and the agent’s prior response(s).

6.3.2 Data Analysis. We summarize all Likert scale questions using simple descriptive statistics; as
this was not an experimental study we do not report on the statistical significance of the results.
We analyzed the session logs from the previous study (Section 5) concurrently with those of this
study (in total n=50 session logs). For agent responses, we tagged whether the response was a
visualization, text, or an error. If the response from the agent was a visualization, we indicated what
type of visualization it was. We also tagged failures to generate executable code and made comments
on other errors we observed. For the participants’ utterances, we conduct a thematic analysis [54].
We used the themes from the previous study, while extending them to introduce subcategories. Of
the four overarching themes (Analytic Tasks, Editing Operations, Elaboration & Enrich
ments, and Directive Commands), with an additional 22 categories were distributed among them.
For analytic tasks, we defined categories by adapting an existing taxonomy of analytic activities [2]
and another of analytic intents [66]. For editing operations, we adapt the categories from prior
research by Kim et al. [38] that described editing transformations between visualizations.

6.4 Data and Session Overview
6.4.1 Overview of Collected Session Logs. Across 50 participants from both studies we recorded 502
utterances and the equivalent number of agent responses (1004 utterances & responses in total).
The agent responses were primarily visualizations (56% of all agent responses), while the remainder
were text responses (38%) or resulted in an error (6%).

6.4.2 Session Quality. The overall session quality will have an impact on participants’ responses
(e.g., if they felt friction with design choices, or if they encountered errors). Overall, the majority
of participants agreed or strongly agreed that interacting with the GenAI agent was easy (77.5%)
and enjoyable to use (72.5%). The majority also felt that the agent understood what they were
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Analytic Tasks Edit Operation

Elaborate & Enrich Command
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Fig. 5. Components of EVA conversations and transitions between them. Participants often posed an
analytic task utterance (e.g., to aggregate or filter data) and would commonly follow up by posing another
analytic task. However, they also followed up by asking the agent to edit visualizations, elaborate on trends
found in visualizations, or direct the agent by giving feedback (e.g., “That’s not what I wanted”).

asking it (77.0%) and that the visualizations it produced were appropriate for the utterances they
inputted (87.5%) and were easy to understand (71.8%). A small minority (3%) expressed negative
sentiment towards the Thread feature. Overall, these findings suggest that GenAI agents can
respond successfully to a variety of user queries and that the introduction of threads into the
conversational interface did not have negative influence on the study results.

Summary of Errors: The majority (67.5%) of participants did not report errors when asked or
did not find errors that occurred to be onerous. We examined the errors produced in the session
logs and found that the majority were failures to generate executable code. This can sometimes
be attributed to API request timeouts or issues beyond our control. Other types of errors include
returning unrendered code (instead of visualization or text summary; 9 of 502), a failure to produce
the right chart when asked for a specific type (2 of 502), or a failure to produce a stylistic change
(e.g., make text larger). When an error occurred, participants did use the option to resolve
it. We did not scrutinize all of the generated code for accuracy but did observe instances where
the visualizations appeared to show the wrong information (e.g., third class survival rate higher
than first class; Figure 6, P35). We also found a small number of instances where the caption or
follow-up dialogue accompanying the chart does not its match content. In general, we did not
observe significant examples of hallucinations (e.g., incorrect, or evidently fabricated results), but
note one interesting exception. We saw a small number of logical reasoning errors that could be
attributed to model hallucinations. In Figure 6, P35 asks the agent “what can you tell me about
this chart?”, the agent’s response correctly identifies that first-class passengers were more likely
to survive – but the chart erroneously shows the opposite. If the agent had truly considered the
chart’s data, it should have propagated the error in part in its subsequent responses. We could
consider this a special case of hallucination, specific to sequential utterances.

6.5 Results
We break down our analysis of the session logs into three parts. First (Section 6.5.1), we describe the
individual components of analytic conversations derived from the thematic analysis (Table 3). Next
(Section 6.5.2), we discuss the agent responses. Finally, in Section 6.5.3 we tie everything together
into a state transition diagram between participant utterances and agent responses.

6.5.1 The Components of Analytic Conversations. Here, we build on the four primary utterance
themes: analytic tasks, editing operations, elaborations & enrichments (E&E), and di
rective commands. Participants used multiple types of utterances throughout their conversations.
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Table 3. Themes, Definitions, and Examples for Utterances from Study II.

Theme Definition Category Participant Example from Study

Analytic
Task

Expressions of visual
analytic tasks, adapted
from Amar et al. [2] and
Srinivasanet al. [65], that
concern the dataset

Aggregation In total how many passengers survived?[E07]
Whats the average age of the survivors?[P22]
What is the survival rate by age?[E10]

Comparison Compare all the survivors of Cherbough vs. the fare they paid[P39]
How many children survived versus died?[P03]

Correlation Does fare relate to survival?[E10]
generate a chart correlating rate of survival with fare paid[P30]

Distribution what’s the breakdown of passengers by age that survived?[E02]
What is the distribution if fare among the surviving males compared to all males?[E08]

Filter How many of the surviving children were girls?[P11]
How many of those deaths were men?[P31]
What percentage of people under 18 years old died on the Titanic?[P25]

Group What percentage of each age group survived?[P09]
Show me the ages of the people in each class.[P09]

Sort Order the following from most likely to survive to least likely by gender and class[P23]
Rank most likely to least likely to survive by Gender and rank[P27]

Summary What class were the majority of passengers that embarked at Queenstown?[P23]
What were the oldest age group on the ship? [P22]

Editing
Operations

Editing operations to
modify the initial chart.
Categories are adapted
and extended from
Kim et. al. [38]

Add/Remove
Variable

can you add the number of sibsp as another variable[E07]
Break those same numbers down further by gender[P02]
Remove sex from the chart, and add Survived[E10]

Annotation Alongside the legend, we should add a ”Total Survivors: x” count, adding up all the num-
bers[P30]
add the count of the number of passengers[E01]

Change
Encoding

Can you make the bars side by side instead of stacked?[E08]
Show it as 2 pie charts (one for Female, one for male)[E10]
use a different plot for this[E03]

Stylistic Can you make the numbers more legible? They’re blocked by the bars[P30]
I like to improve this chart by making it bigger and clearer[P22]

Transforma-
tion

Can you normalize the Y axis?[E08]

Can you make it percentages?[P28]
Transpose Please swap the x and y[P02]

Rotate the bar so it is horizontal[E10]

Elaborate
& Enrich

Contextualizing,
utilizing, and expanding
on data and analytic
insights

Clarification What is parch?[P40]
what type of chart is this?[E05]
what is being defined within each chart[P05]

Explanation What variables did you use to determine this?[P03]
Why did you use survived as a factor of survival? That doesn’t make sense.[P40]

Information
Retrieval

were there enough lifeboats to save everyone?[P21]
Do you know when the titanic sink[sic]?[E02]
Where [sic] there any animals[P34]

Probing What is something interesting about this chart?[E05]
What can you say about class based on this chart?[P35]
which factor figured the most in survival [P38]

Suggestions What other kinds of charts can you use to best display this data?[P36]
what other alternative charts should I consider?[E05]

Directive
Command

Actions or feedback that
chatbot is directed to take

Computa-
tion

ok, use this value to calclunate [sic] the total fare in today’s rate[E02]

what is 549 + 342?[P31]
Feedback This visualization doesn’t makes sense to me. i was more like interested in the count of

families[E09]
It seems a little odd that pclass is fairly low while fare is pretty significant. Seems like
higher the pclass, the higher the fare paid, right?[P40]
that’s cool[P18]

Compose Make a line graph of the correlation between gender and survival[P20]
I need a pie chart showing passengers by class size.[P03]
plot pclass, survived, and sex[E03]
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Analytic task utterances were found in 48 (of 50; 96%) participant conversations, E&E utterances in
42 (84%) conversations, editing operations utterances in 32 (64%), and commands in 26 (52%) of
conversations. A review of the session logs showed that participants transitioned between different
classes of utterances throughout the analysis session (Figure 5); in Section 6.5.3, we elaborate on
this observation also taking the GenAI agent’s responses into consideration. We now define these
different utterance themes, providing examples from participants.
Analytic tasks (AT) guided the agent to uncover insights, patterns, or trends within the
data. These were the most common type of utterance (47% of total 502 participant utterances) and
the most common way that participants began their analyses. We used a prior low-level taxonomy
of visual analytic tasks [2] and terminology for visual analytic intents [65] to further annotate
categories of this utterance. The majority of utterances expressed a single analytic task, typically
an aggregation, and these were often followed up with other types of tasks in subsequent dialogue,
either in the Main Chat or Thread. Utterances containing two analytic tasks most commonly
wanted to group or filter the data and then perform an aggregation (e.g.,“show me a chart of how
many people in each age group survived”[P06]). We observed that the agent was capable of resolving
the order of operations correctly to produce the desired result. A small subset of utterances (2%)
expressed more than two analytic tasks, for example [P19] asked the agent to show “what type of
class female was most likely to survive in order?”, which requires filtering the data, grouping it by
class, computing survival, and rank ordering the results. There are also interesting examples where
the participant appears to ask an analytic question, but is not. For example, P04 asked “what was
the average sex of the people who survived the Titanic? ”, but here they use the word ‘average’ to
mean, ’typical’ not the aggregation operation. The agent also had to make decisions about whether
to aggregate or show all of the data. For example, P20 asks to “make a chart of the age of each
passenger and whether they died or not” and it is not clear if the agent should show each passenger,
which would produce an unreadable chart or aggregate (it often does the latter, but inconsistently).
Editing operations (EO) direct agents to revise a visualization in a specific manner.
Editing operations constitute 16% of all utterances. Tory and Setlur [71] describe a conversational
state transition model that includes a set of editing operations (select attributes, transform, filter, and
encode), however, we observed a greater diversity of operations when reviewing the session logs.
Prior research by Kim et al. [38] provided more granular terminology for describing transformation
and encoding operations, which we apply here. Editing operations were primarily performed within
a Thread (87%). The most common operation was an explicit request to change the encoding type
(36%) (Figure 1, E03; Figure 4, E08) However, some encoding changes also occurred in response to
the agent’s suggestions for alternative chart types (e.g., “Can you show me this data in your top choice
for graphs?”[E03] or were vague requests (e.g., “Please do a different kind of chart to show class.”)
[P03]. We did not observe instances where the agent prevented a participant from modifying an
encoding or asking follow-up questions for the transition, even when it may have been warranted.
For example, some encoding transitions may not be possible without losing information, such as
going from a scatter plot to a standard simple bar chart. While participants did not explicitly call
out this behavior in their feedback, but, we believe there is room to improve this response.

Another common change was directing the agent to add or remove additional variables (23%)
from the visualizations. One side effect of adding/removing variables was to change the encoding
type as well, even if this was not expressed in the utterance (Figure 4, P05). Another common
category of edits was stylistic changes (21%) (e.g., changing the font size, adding annotations),
which were some of the largest sources of errors in the agent’s responses. Whether the participants
wanted larger font sizes, to move the legend, or to improve the positioning of annotations, the
agents rather consistently failed to respond appropriately to these requests. We observed two
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Fig. 6. Examples of co-operative dialogues between agents and participants

predominant patterns of responses. The first seemed to be a failure to understand and apply
the command. Reviewing the logs, it is also possible to observe some frustration as participants
repeatedly request these stylistic changes and then eventually move on. A second source of error
was anchoring issues [41], where the visualization changed too much in response to an edit. Future
work concerning EVA conversations may be better to achieve these stylistic changes, and likely
other editing operations, via alternative interaction techniques instead of by typing utterances.
For example, by allowing the user to interactively update a visualization specification rather than
continue to rely on textual inputs. The remaining categories (annotation, transformation, and
transpose) collectively represent 20% of all edit operations.
Elaborate and Enrich (E&E) utterances broadly capture participants’ attempts to con-
textualize, utilize, or expand upon insights that surfaced from the data or analysis. E&E
utterances constitute 24% of all utterances. The majority (38%) of E&E utterances took the form of
probing questions. Participants most commonly use probing questions to ask whether there was
anything interesting in the chart. Participant’s next most common category (15%) of E&E utterances
was followed by asking the agent to retrieve information that was not present in the dataset .
For example, participants inquired about “how many lifeboats did the Titanic have?”[P21], or if “you
[the agent] know when the titanic sink?[sic]”[E02]. A total 21% of E&E utterances were aimed at
clarifying or explaining elements of the data or agent’s response. For example, E05 (Figure 6)
asks “what type of chart is this?”. Explanations went further as well, asking, for example,“Could you
[the agent] explain this chart to me more?”[P36] or “what is being defined within each chart?”[P05].

Some of these E&E questions could be answered with a combination of information contained
within data and also from other sources. For example, E02 asked the agent to compute the total
fare collected into modern currency, which it does using computations from the dataset and by
extracting information from a follow-up response (Figure 6, E02). Another example of this behavior
is when a participant asks for chart or analysis suggestions, which requires combining the context
of the conversation (present chart type and attributes visualized) with general knowledge that is
not contained in the dataset 3 [P09] asks “what decks were the various classes located on?” to which
the agent responds with a heatmap visualization. There is no column in the dataset corresponding
to deck information. However, the first letter of the cabin number (a column in the dataset) does

3Note that AI Threads does not use web search capabilities
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correspond to the deck4; the relationship between the cabin and deck information is not present
the column description. Upon review, we found that the agent generated code to extract the first
letter from the cabin column, it then created a new ‘deck’ column and finally summarized the data
by class to produce the visualization. Through AI Threads, a GenAI agent is instructed to prepend
“I can’t answer this question with the data” whenever it responds to an utterance with information
outside of the dataset. However, it does not always do so.
Directive Commands (DC) are utterances that articulate an expected response, or attempt
to guide the agent. When participants wanted to exert greater control over the agent’s responses
they posed command utterances (12% of the 502 total). What differentiates these utterances from
others is the level of detail in which the participants pose their utterances. Compose utterances often
specified specific chart types, used actual attribute names e.g., pclass instead of ‘passenger class’
or ‘fare class’), or directed the agent to change its response type (e.g., “show this a visualization
instead”). In a very small number of instances, a participant asked for specific computations (Figure 6,
P31 and E02). Another way that participants tried to steer agents’ responses was through feedback.
For example, P30 tells the agent that “That graph [the agent produced] isn’t readable, it’s completely
filled with grey lines and the legend goes over the title”. In response to a failed attempt to modify a
bar chart encoding E08 comments that “the bars are still stacked though”. However, there were also
examples when participants simply thought something was interesting and chose to pay the model
a compliment (e.g., “that’s cool”[P18], “Very useful”[E10]). It was not clear that the agent used either
kind of feedback effectively to improve their subsequent responses.

6.5.2 Quality and Diversity of Agent Responses. Prior studies on visual analytic conversations were
limited in their capacity to interrogate the interplay between visual and textual responses. The WoZ
study by Tory & Setlur [71] only produced visualizations for responses; their follow-on research
exploring multiple modalities [63] used pre-defined template responses.The Iris system [16] enabled
both automatic textual and visual responses, but offers a limited perspective on the range and
diversity of responses. We find that not only can GenAI agents appropriately switch between
text and visualization responses, but can even build on the context of each. In Figure 1 we show
how E07 defines age categories through several sequential utterances that are then incorporated
into a visualization. More examples are shown in Figure 6. Overall, we find that GenAI agents
are capable of switching relatively seamlessly between producing text and visualization
responses through a series of long sequential utterances.

When the agent produced a visualization (56% of all responses), it produced 12 unique chart
types and in 11% of all instances produced multi-panel charts. The most common chart type was
a bar chart (77%), followed by a pie chart (13%), and a histogram (11%). Interestingly, it produced
variations on different families of charts in response to variances in user utterances. For example, it
produced a simple bar chart (77%), but also stacked (6%) and divergent (1%) variants. For representing
distributions, it produced histograms (11%), violin plots (3%), boxplots (2%), and density plots (0.5%).
To show bivariate relationships it produced scatter plots (3.5%), line plots (2%), and even connected
scatter plots. To show more complex multivariate relationships it also produced heatmaps (2.5%).
Visualizations were produced both in response to specific requests for charts (e.g., “show this
as heatmap”) but were more commonly automatically selected by the agent (e.g., “show me the
distribution of age”, produces a histogram). Overall, participants thought the visualizations produced
by the agent were appropriate for their questions. A total of 87% of participants either agreed (65%)
or strongly agreed (22%) that the visualizations produced were appropriate for the questions they
asked. The majority (80%) also found that the text captions describing the visualization, which

4https://www.encyclopedia-titanica.org/cabins.html and https://www.kaggle.com/code/ccastleberry/titanic-cabin-features
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Fig. 7. A state transition diagram summarizing the sequences of participant and agent dialogue.

were also automatically produced, were useful. The use of a Thread panel to further elaborate on
analysis and visualizations was also perceived to be helpful by participants. P13 was enthusiastic
about their experience: “I really enjoyed the thread feature to edit the graphs and make them a bit
easier with more information on what was wanted”. As we previously discussed (Section ⁇), our
choice of dataset likely does influence the quality of visualization. As such, this observation serves
as more of a check on the session quality (e.g., more than one type of chart; generally valid results).

6.5.3 The Evolution of Visual Analytic Conversations. Having defined the types of utterances and
attendant agent responses, we now consider how it all comes together in analytic conversations.

In Figure 7 we present a state transition diagram that shows how conversations evolved between
different types of utterances and agents responses. In Figure 5, we present only the transition
between the types of utterances. Taking these two results together, Analytic tasks were not only
the most common type of utterance, but, was also how the majority of conversations began. In
response to an analytic task, it was nearly equally likely for the agent to respond with a visualization
( ) or text ( ). However, the most common loop in conversations was AT→ →AT. These loops
could play out as asking a series of new questions (e.g., switch context) or, more commonly, further
elaborating on the analysis (e.g., maintain context). For example, a participant might ask to first
aggregate survival by age, view the result, and then go further to filter by a specific gender. We refer
to this as the ‘analysis elaboration loop’, where participants begin with typical broad questions
and narrow down over time, which we also observed in the prior study (Section 5). Interestingly,
text responses appeared to lead to less follow-up relative to charts, highlighting that visualization
responses provide more engagement.

Another common loop is AT→ →EO. We refer to this as the ‘refinement loop’, where the result
(typically a visualization) is iteratively improved on through text. While the ‘refinement loop’ is
common, we also know from the prior study (Section ⁇) that it is suboptimal – participants do not
want to refine a visualization through sequential utterances, they would rather do so interactively
through other modalities. In Tory and Setlur [71], they also find evidence for the ‘refinement loop’,
but with a deeper exploration into its possibilities – we conducted this deeper exploration in our
work through our application of Kim et. al.’s [38] taxonomy for graph editing. Another common
loop was the ‘explanatory loop’, transitioning roughly as follows: AT→ →EE→ . This loop
shows how participants engage with information in the visualization, expecting the GenAI agent to
be adept at answering questions about a visualization to discuss trends and findings. Importantly,
these three loops are not distinct but feed into each other as participants pursued multiple parallel
lines of analytic inquiries. This observation uniquely highlights nuanced and integrated
aspects of EVA conversations that prior research has not covered. Prior work often understood
one narrow facet of analytic conversations, whereas, we find evidence that, under relatively ideal
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circumstances, EVA conversations have richer structures. It also reifies that AI Threads can support
the branching structure of visual analytic conversations that others have also observed.
The conversation transitioned not only between utterance types, but, parts of the

interface. Participants used the multi-threaded affordances of AI Threads to move between the
Main Chat and one or more Threads; a total of 62% of utterances appeared in the Main Chat and
the remainder were in a Thread. There was a strong relationship between the type of utterance and
where it occurred in the interface. We observed that 90% of edit operation utterances occurred
in the Threads, whereas only 19% of analytic task utterances do. A total 62% of E&E occurred in
the Main Chat and the rest in the Threads. The distribution of where utterances were posed shows
there was a logic to the structure of these conversations that AI Threads was able to facilitate. As
conversations grew longer, we also observed a handful of instances where participants wanted to
branch analysis from earlier points in the conversation. For example, in a thread, P36 asks the agent
if “[we can] go back to the old style of chart [from earlier in the dialogue?]”. The agent failed to fulfill
this request. This highlights the temporal relationships of utterances that can be difficult for the
agent to resolve. Notably lacking are attempts from the agents to ask the participant for clarification.
The dialogue was generally one-way, with agents responding to participants’ utterances.

6.6 Summary of Findings
Our analysis of visual analytic conversations with a broader participant pool reveals a rich and
intentional dialogue between data workers and GenAI agents. Our findings show how EVA conver-
sations evolve between multiple states of participant utterances and agent responses. We show that
under idealized conditions, GenAI agents can appropriately transition between states in a way that
is useful to data workers. We also resolve three co-occurring loops in EVA conversations (‘analysis
elaboration’, ‘refinement ’ and ‘explanation’) and discuss their interplay in EVA conversations.

7 DISCUSSION
Research examining the use of generative AI agents for facilitating data analysis and visualization
focuses largely on its technical capabilities and less so onwhat people actually do. In our research, we
leveraged a human-centered approach to examine how people conduct exploratory visual analyses
(EVA)withGenAI agents through amulti-threaded Conversational User Interface(CUI). Our research
builds on the established understanding that EVA has a branched structure [35, 36, 58, 61, 71], where
data workers ask multiple questions in parallel and shift between branches to dig deeper [63, 71].
Using the AI Threads technology probe as a scaffold, we explored to what extent and in what ways
these prior observations hold up with GenAI agents. Through a series of two studies examining
the context of use and evolution of EVA conversations, we find that humans and GenAI agents
are rapidly switching contexts between different data questions and conversational intents. To
describe this transitional flow, we defined four types of utterances (Analytic Tasks, Editing
Operations, Elaborations and Enrichments, and Directive operations) and defined three
predominately conversational loops (Analytic Elaboration, Refinement, and Explanation). Prior
research has only identified some aspects of these EVA loops (notably, refinement [71]), but has
not previously shown how these loops co-occur in the stream of conversation. As the momentum
grows for incorporating GenAI more deeply into analytic workflows, our findings provide a
grounded assessment of how data workers and GenAI agents collaborate.

7.1 Applications of our Findings and Areas of Future Research
7.1.1 Designing Conversational Interfaces for Data Work. Visual analytic conversations with GenAI
straddle a unique position between code generation, naturalistic dialogues, and data visualizations.
The properties of these conversations can require design considerations unique to data work.
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Theways that data workers interface with GenAI agents need to continue evolving. Adding
GenAI agents to present tools for data analysis will potentially fail without consideration of
the structure of visual analytic conversations. Data workers, regardless of technical capabilities,
may wish to switch between posing text utterances and interactively modifying visualizations.
Enabling multi-modal refinement actions could help further organize and streamline analytic
conversations by reducing the need for sequential text utterances. Finally, whether chat, a notebook,
or some other interface (or a combination thereof), the persistent problems of analytic transparency
and provenance grow with more complex interactions. Adding appropriate scaffolds to retain
and expose the analysis’ provenance becomes more complex in light of expanding multi-modal
interactions. The issues of tracking visual and analytic data provenance have been explored in
other interactive systems and could be incorporated into conversational GenAI interfaces for
data work [57]. Moreover, provenance information that captures and summarizes the branching
structure of EVA can help conversational agents maintain and switch context appropriately; a
potentially impactful area of future work is to further explore the relationship between provenance
data and an agent’s context.
The response of agents should be further improved to facilitate two-way dialogues.

GenAI agents show limited capacity to seek further information from the user, either to clarify
their intents or suggest possible actions. In our studies, we found that participants wanted more
suggestions from the agent. Agents could offer options in response to analytic task utterances,
as the SNOWY does [65] for singular charts, or for alternative analysis paths [22, 23]. We also
identified areas where agents could proactively alert participants to destructive changes (e.g.,
dropping attributes when changing chart types) or help the user form a better mental model
when encountering errors. Finally, there are opportunities to make use of different kinds of agent
responses, visualization, and charts, to offer more nuances and qualitative insights [68]. Given the
diverse components of visual analytic conversations, it may be necessary to use multiple agents,
rather than just one, that are specialized to proactively respond to different types of utterances.
Our dataset of 502 annotated utterance-response pairs can help researchers explore making agents
aware, and modify their behavior to, different types of utterances.

Opportunities for multi-agent interactions. Our current research, and that of many others
published at this time, remains focused on a single data worker interacting with a single GenAI
conversational agent. Exploringmulti-human interactions in the context of AI-assisted analysis is an
obvious next step, but, an overlooked and equally relevant research trajectory is toward multi-agent
interaction as well [19, 24]. An extension of our work can be to develop multi-agent systems, where
each agent is specialized to respond to different categories of utterances. For example, an AI agent
specifically trained in editing operations might do a better job making sequential refinements than
a single general-purpose agent. Overall, this can improve the quality of agent responses because
agents would be specialized to perform tasks.

7.1.2 Improving Agent’s Abilities to Reason with Data. The types of errors that the agent makes
did not appear random in our study. We found more errors with certain types of utterances,
for example, stylistic changes of edit operations or explanatory E&E utterances. An application
of our findings is to assess the performance of present and future GenAI conversation agents
and to surface whether there persists a relationship between utterance type, the nature of agents’
responses, and the propensity of errors. There exist quantitative benchmarks for chart question and
answering [48] as well as captioning [70] but are limited to individual visualizations and do not
capture sequential utterances found in visual analytic conversations. Moreover, defining quantitative
metrics for generated code, targeting data analysis or otherwise, is difficult as subjectivity in human
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assessment is an important factor [11]. Our findings can help delineate the requirements of future
benchmarks for visual analytic conversational settings.

GenAI agents do not know how to reason about the data underlying a visualization. We
observed erroneous hallucinated responses to questions about the chart (e.g., Figure 6, P35) - but
this was surprisingly uncommon. The low prevalence does not mean that the agent can reason
with the data, instead, the agent likely leverages the dataset semantics with additional knowledge
of the Titanic event to produce a convincingly accurate response. Concerns about these types of
hallucinations have been observed in prior research and have proposed an approach to address
them [48, 49]. However, in our investigation, the agent generates the code needed to produce the
visualization, whereas prior research extracts the data from an image of a data visualization. This
additional information encapsulated in the code, and not just the dataset, should be leveraged in
future research to improve the capabilities of GenAI agents to reason with data.

7.1.3 Debugging with GenAI Agents. By design, our study is primed to limit the errors by using a
dataset that an LLM was likely trained on. However, even under such performant settings, there
are subtle issues that can make it difficult to verify the correctness of the agent’s response. We
specifically want to highlight LLMs recruiting and applying additional knowledge to compute
its results. In Figure 6, we provide an example where the agent translates the total fare collected
into 2021 currency – it provides a convincing and plausible response, but that is very difficult to
determine if it is correct. We found other instances in our participants’ logs of similar behavior. It
is not clear if this behavior can or should be effectively limited, and if so, how it affects the model’s
overall behavior. We believe this is a fruitful area to explore in future work, both to achieve a
fundamental understanding of how LLMs operate for data analyses and also to provide an effective
audit trail for its responses.

7.2 Generalizability and Transferability of Findings
A limitation of our research is that we used a well-studied dataset to conduct our studies. While
prior research has taken a similar approach [71, 75] without loss of generality, we address this
concern with respect to our findings; in Section 3.4 we have already provided our rationale for this
choice and do not repeat it here, instead focusing on its implications. First, while the dataset is
likely part of the GenAI agents’ training corpora, the utterances posed by the participants
are not. In our research, we focus much more on participant utterances and actions to GenAI
agent responses, which we discuss as the structure and evolution of EVA conversations. A small
number of participants across both studies (n=4) did have prior exposure to this dataset, but the
sample was too small to show distinct patterns of utterances compared to those who had not been
exposed. Second, even if the dataset is part of the training corpora, there isn’t a guarantee
that a GenAI agent will retrieve the correct response to a user’s utterance . Through usability
checks of the session quality in both studies, we confirm that it can. We took a random set of code
examples generated by the AI agent in our study and attempted to search the internet for identical
examples, but did not find identical matches. This observation suggests, but does not confirm, that
even for known datasets GenAI agents may generate code in our study through some combination
of retrieval (e.g., find one or more answers for utterance) and modification (e.g., change the code for
the dataset or context slightly) [32]. This is interesting behavior to further interrogate in a follow-up
study. Third, it is not possible to predict precisely how different GenAI agents would be on
datasets that are novel to the agent.We could assume it was worse, but prior research [6], and our
own examinations (Appendix C), suggests its not significantly worse. If we make the assumption
that performance would be worse on novel data, we might find that, perhaps, participants spend
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more time in ‘refinement loops’, over others. We may find an absence of branching structures, or
loops altogether, as participants abandon use out of frustration. The past few sentences should
show how our contributions still provide a useful, human-centric, grounding to broadly examining
GenAI use on novel datasets going beyond technical measures like accuracy, functional correctness,
or token matching widely used to currently assess GenAI agents [7]. Finally, we were thoughtful
in how we incorporated and reflected upon the findings of prior work. We used established
taxonomies of analysis tasks or editing operations to link and translate our findings to the broader
space of prior techniques, approaches, and studies.

In summary, while the choice of analysis dataset poses limitations on our findings, we argue
that it does not significantly curtail the generalization and transferability of our findings. Our
contributions reaffirm and extend prior research on branching EVA conversational structure and
can be used as a basis of comparison to other models and datasets.

7.3 Limitations
Beyond the dataset choice, there are two other primary limitations of our study. First, we did not
extensively evaluate the design choices of AI Threads. This was largely because multi-threaded
conversational interfaces have long been studied and applied. While we do assess the impact of
this design choice in our studies as part of the overall session quality and did not find issues, the
fact that we did not more deeply evaluate AI Threads may have impacted our results. A second
limitation is that data workers still do not routinely use GenAI agents, which limits our ability
to contrast to their existing workflows. This is for a variety of reasons, including concerns about
data privacy and the present capabilities of the technology. For this reason, we were limited in
our ability to more deeply probe the use of GenAI conversation agents in existing data worker
practices, nor comment on their potential use beyond pure speculation.

8 CONCLUSION
Automation facilitated through conversational generative AI agents has the potential to disrupt the
activities of data work. Our research conducts a human-centric examination of the perspectives
of data workers and the nature of the exploratory visual analytic conversations they conduct
with these agents. Our findings summarize the components and evolution of these conversations
and show how data workers and agents cooperatively analyze and visualize data. Moreover, they
point to avenues of future research that leverage these conversational components to improve the
experience of data workers leveraging GenAI in their activities. The responses and capabilities of
agents will undoubtedly change in light of the rapid pace of technical advancements. Our findings
provide a grounding for assessing these evolving capabilities with data workers.
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Appendix
Appendix B provides additional technical details on the implementation of AI Threads. Appendix

C provides examples of its use for various editing operations and understanding of different analytic
intents. It also includes a demonstration of AI Threads on a dataset that is outside the training
context of the LLM that we used in AI Threads’s implementation.

A DESCRIPTION OF SUPPLEMENTAL MATERIALS
Here we provide an overview and a description of the content made available in our supplemental
materials. These are available on OSF5.

These online materials contain the following:

• The AI threads Code
• A zip file LLM_Comparison.zip) of the computation notebooks and additional Python scripts

for comparing GenAI agents on visual analytic conversations
• A zip file (Study.zip) to the annotated (anonymized) participant conversations

Please note that running the AI Threads code and the LLM Comparison notebook requires that
you have your own API keys. We provide examples of environment files needed to run our code.

B AI THREADS SYSTEM DESIGN
In this section we describe AI Threads’s architecture that supports ingestion of user utterances and
the display the result within the Main Chat and Thread.

B.1 Data Sources
Participants can upload a single CSV dataset to carry out their data analysis. A string referring
to the file’s location on the local system is also stored and passed to GPT-3.5 as part of its code
generation. When a dataset is uploaded, using the procedure outlined in Figure B.1, AI Threads will
automatically generate a Data Dictionary which includes each column’s name, data type, and a
value range (for nominal or ordinal columns) or a non-null example value (for all other data types).
The LLM also generates a natural language description of each field.

The Data Dictionary is used as part of future instructional system prompts to generate valid
and executable code; it is also displayed to end users (Section 3.3) as an editable reference table, where
they can alter descriptions to provide more accurate information for the AI. These descriptions help
the LLM identify and use the appropriate attribute and reason about its values (e.g., the utterances
“Filter gender by male” vs. “show only male”), which supports a more naturalistic conversation
out-of-the-box. We believe that descriptions about columns can also elicit higher-order reasoning
from the LLM when necessary, for example whenever the user prompts the model to “show me
something interesting,” by leveraging knowledge about semantically related concepts captured
within the LLMs embedding space. Future work presents interesting possibilities for extending this
approach by augmenting the LLM with a knowledge graph [45].

AI Threads can leverage knowledge that is external to the uploaded dataset as part of GPT-3.5’s
training data6 to augment their existing analysis. For example, with the Titanic dataset participants
can ask “Who was the captain on the Titanic?”, which is not available in the dataset itself.

5https://osf.io/6wxpa
6At the time of this writing, the details of GPT-3.5’s training data have not been publicly disclosed.
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Using a pandas script, AI Threads creates a markdown table from the uploaded dataset that
includes column names, data types, and data values structured as follows:
| | Data Type | Range or Example |
|:-----------|:-----------|:-----------------------|
...

This markdown table and the original filename are used to produce the full Data
Dictionary using GPT-3.5. Before the model is queried, we give it the following sys-

tem prompt:

Sy
st

em

We will generate markdown tables that begin with the following columns:
| | Data Type | Range or Example | Description

|
|:-----------|:-----------|:-----------------------|:--------------------------|

Finally, the following user message is sent to GPT-3.5:

Us
er

Here is a markdown table summarizing columns in [FILENAME ]:
[PANDAS TABLE]
Generate descriptions for what the data column values mean and
concatenate the descriptions to the markdown table.

Fig. B.1. Instruction prompt for generating a Data Dictionary of an uploaded dataset.

B.2 Code Generation
User utterances initiate the generation and execution of Python code to apply the appropriate
set of data transformations using pandas and produce visualizations using seaborn [77] and
matplotlib [30]. In addition to producing a visual encoding, GPT-3.5 is also instructed to produce
a text caption describing the encoding choices. Depending on how the utterance is posed, GPT-3.5
sometimes also generates an interpretation of what is shown.

B.2.1 Processing User Utterances. Prior V-NLI and conversational interfaces have used a variety of
methods, from parse trees to heuristics, to decompose a participant’s utterance, deduce its intent,
and generate an appropriate output. We use GPT-3.5 to perform these tasks, providing it with
instructional prompts to guide its visualization code generation or refinement. Subsequently, the
relevant visualization code is extracted from GPT-3.5’s original responses to display charts and
captions to the analyst.

B.2.2 System Instructional Prompts. The GPT-3.5 ChatCompletion API delineates three role types
to manage multi-turn conversations: system, assistant, and user. System instructional prompts can
define an LLM’s role and desired behaviors and augment the user messages to achieve a desired
response.

In the Main Chat, the full instructional prompt provided to GPT-3.5 contains the agent’s role,
which is to answer questions about the dataset with visualizations, and desired behaviors, which
is to render and display a chart with an accompanying caption). The system is also prompted to use
chain-of-thought (CoT) reasoning, which has been shown to improve the performance of LLM
code generation [78]. The CoT prompt is reinforced with a set of few-shot examples (See Section
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In the Main Chat, the following system instructions are provided to GPT-3.5:

Sy
st

em

You are a data visualization assistant working with a dataset called [
FILENAME ].
You will answer questions with this dataset.
When you do not use the dataset , say "I can 't answer this question with
the data ,
but I found this:" You will use pandas and seaborn libraries to write
Python
code which prints a single PNG image in a bytes64 representation. You
will then
also print an alt -text caption for the chart.
Let 's work responses out step by step to be sure you have the right
answer.
The dataset: [DATASET DICTIONARY]

In the background, user conversations with the LLM are prepended with few-shot input-
output examples as conversational context, e.g.:

Us
er How many rows are in the dataset?

As
si

st
an

t

import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
...

# Load the dataset
df = pd.read_csv('./ workspace /{ filename}')

# Get the number of rows in the DataFrame
num_rows = df.shape [0]

# Create the bar chart using seaborn , adjusting the size of the chart as
needed

width = 8
height = 2
plt.figure(figsize =(width , height))
sns.barplot(x=[ num_rows ])
...

# Print a caption
print("This plot shows a single bar representing the total number of 
rows in the dataset , which is " + str(num_rows) + ".")

The example response is truncated; see the full examples in Appendix B.3.

Fig. B.2. Pre-defined context in the Main Chat. Although not exposed to the user, an exchange with the
GPT-3.5 CodeCompletion API in the Main Chat will include a system prompt and few-shot examples along
with previous exchanges.
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Sy

st
em

Today we are being asked to revise the following code.
The revised code should print a new chart in a bytes64 PNG
representation and
print a new alt -text caption in the same way as the original code.
The code: [ORIGINAL CODE]
The dataset [FILENAME] contains: [DATASET DICTIONARY]

Fig. B.3. Instructions in a Thread. The role of GPT-3.5 in a Thread is to extend an analysis branch, using
the original visualization as a reference for refinement or continuation.

B.2.3). Lastly, the system message includes the previously generated data dictionary. Crafting
such instructional system prompts can require specialized knowledge to produce via a manual
trial-and-error process [44], and thus is something we do not expose to the user. We refined our
prompting strategy over time and found it to qualitatively improve the chatbot’s responses without
the need for the user to input additional instructions.

In the Thread, the agent is given a different role, which is to revise a previously generated
visualization code to change visual encodings or make stylistic changes. A user might also ask the
model to present additional data columns, to aggregate the data in a new way, or to filter the data,
which again requires information from the data dictionary. However, the design of this instruction
ensures that each user prompt is interpreted to be a question or a command that continues or
modifies a specific analysis (the original code), as opposed to starting a new analysis that will
require the synthesis of fundamentally different code.

B.2.3 Few-Shot Examples. In the Main Chat, the initial system message is followed by few-shot
examples of pre-designed user utterances and the assistant’s code responses (Figure B.2). These
few-shot examples include how to transform data with pandas and use seaborn to achieve the
desired image and text caption outputs. Utterances in the few-shot examples were: “How many
rows are in the dataset?” which teaches AI Threads to display simple numeric responses as both a
bar chart and within a text caption, and “Plot the distribution of every continuous measure,” which
signals how it should display visualizations with multiple facets. Both questions are also agnostic
to the semantics of specific datasets.

B.3 Few-Shot Examples
The following are the few shot examples provided to the GPT-3.5 ChatCompletion API via AI
Threads as conversational context following the system instructional prompt (Section B.2).

During pilot studies, we noticed that GPT-3.5 tended to hallucinate semantically relevant yet
non-existent colors or color palettes when generating or modifying visualizations from color-related
user utterances, unless it learned how to specify colors in the demonstrated approach. Defining
every variable in the examples, even the chart’s width and height, before they are used also allowed
the model to learn how to correctly modify charts. The model is also taught how to incorporate
computations to its captions.
Example 1:
[ROLE: USER]

How many rows are in the dataset?
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[ROLE: ASSISTANT]

```python
import pandas as pd
import seaborn as sns
import matplotlib.pyplot as plt
import base64
import io

tab10 = ["#4e79a7","#f28e2c","#e15759","#76 b7b2","#59 a14f","#edc949","#af7aa1",
"#ff9da7","#9c755f","#bab0ab"]
sns.set_palette(tab10)
sns.set(style="whitegrid")

# Load the dataset
df = pd.read_csv('./ workspace /{ filename}')

# Get the number of rows in the DataFrame
num_rows = df.shape [0]

# Create the bar chart using seaborn , adjusting the size of the chart as needed
width = 8
height = 2
plt.figure(figsize =(width , height))
sns.barplot(x=[ num_rows ])

# Add labels , annotations , and/or title
plt.xlabel('Number of Rows')

# Display the chart as a Bytes64 PNG representation with a tight layout
plt.tight_layout ()
buffer = io.BytesIO ()
plt.savefig(buffer , format='png')
buffer.seek (0)
png_data = base64.b64encode(buffer.getvalue ()).decode('utf -8')
buffer.close()

plt.clf()
plt.close()

# Print the chart image
print(png_data)

# Print a caption
print("This plot shows a single bar representing the total number of rows in 
the dataset , which is " + str(num_rows) + ".")
```

Example 2:
[ROLE: USER]

Plot the distributions of every continuous measure.

[ROLE: ASSISTANT]

```python
import pandas as pd
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import seaborn as sns
import matplotlib.pyplot as plt
import base64
import io

tab10 = ["#4e79a7","#f28e2c","#e15759","#76 b7b2","#59 a14f","#edc949","#af7aa1",
"#ff9da7","#9c755f","#bab0ab"]
sns.set_palette(tab10)
sns.set(style="white")

# Load the dataset
df = pd.read_csv('./ workspace /{ filename}')

# Selecting the continuous variables from the DataFrame
continuous_vars = []

for col_name , dtype in df.dtypes.iteritems ():
if dtype== float:

continuous_vars.append(col_name)

# Creating a new DataFrame with only the continuous variables
continuous_df = df[continuous_vars]

# Melt the DataFrame to create a long -form representation
melted_df = pd.melt(continuous_df)

# Plotting a faceted histogram
g = sns.FacetGrid(melted_df , col="variable", col_wrap=2, sharex=False , sharey=
False)
num_bins = 20
g.map(sns.histplot , "value", bins=num_bins)
g.set_titles("{col_name}")
g.set_axis_labels("", "Count")

# Display the chart as a Bytes64 PNG representation with a tight layout
plt.tight_layout ()
buffer = io.BytesIO ()
plt.savefig(buffer , format='png')
buffer.seek (0)
png_data = base64.b64encode(buffer.getvalue ()).decode('utf -8')
buffer.close()

plt.clf()
plt.close()

# Print the chart image
print(png_data)
# Print a caption
print("This plot shows a grid of histograms , each representing a different 
continuous variable. The x-axis represents the value range of each variable , 
and the y-axis represents the count of occurrences.")
```

B.3.1 Code Extraction and Execution. Responses from the GPT-3.5 ChatCompletion API are often
not valid Python code excerpts that can be directly executed by AI Threads. Given that GPT-3.5 is a
successor to both Codex and GPT-3 models, its responses may contain ‘friendly’ textual responses
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(usually beginning with “Sure!” [82]) or explanations of a step-by-step approach in addition to code.
In order to prioritize analytic coherence, AI Threads only extracts a valid code block from model
responses, which include the chart’s caption. When valid code blocks can be extracted, they are
automatically executed and outputs (visualization and text) are pushed to the front-end interface. If
valid code blocks are not generated, AI Threads responds by displaying the initial model response
to the user.

For a variety of reasons, including API time-outs, the model may not generate executable code.
In these cases, the participant can reattempt to generate the response from the front-end interface
without the need to re-enter the utterance or provide a new one (Section 3.3). In other cases, the
model may also output a simple text response, for example returning the average fare paid as a
number instead of producing a visualization. In some instances, the text outputs of AI Threads pose
clarifying questions to the analyst, for example in responding to the utterance “tell me something
that is cool” an example response is “as an AI assistant, I don’t have access to personal information or
preferences unless shared with me. If you have any specific preferences or questions, please feel free to
share them, and I’ll do my best to assist you”.

B.3.2 Different Thread, Different Context. AI Threads provides different system prompts and
conversational contexts to GPT-3.5 depending on whether the user is interacting with the Main
Chat and Thread panel (Figure 3). The conversational context is further tailored to a thread the
user is inputting utterances to (Figure B.3). Code that is generated within a thread is appended as
prior context to subsequent utterances. Alternating between Thread and Main Chat allows the
user can proactively manage context. This is because the Thread panel contains only the context
relevant to that particular visualization and analysis while the Main Chat will only include the
utterance and results of charts as refined in each thread.

B.3.3 Alternative Visualization Libraries. We explored other visualization libraries but found that
they resulted in less reliable responses. In some instances, the libraries were too new to produce
reliably executable code, as was the case for altair [72]. We also explored different languages for
visualization specifications. Prior work [12, 56] has explored the use of JSON-formatted Vega-Lite
specifications to produce visualizations using LLMs, but we did not use these approaches for two
reasons. First, using seaborn allows for direct integration with its dependencies statsmodels,
scipy, and fastcluster for advanced data modeling. Keeping code for the data operations and
visualization in the same ecosystem improved AI Threads’s ability to reliably generate executable
code. Second, one advantage of using seaborn [77] or matplotlibwas that GPT-3.5 would produce
comments to document its data transformations and visualization processes, which is a useful
exposition of its chain-of-thought reasoning [14] that we could leverage in the future. However,
getting equivalent information from a JSON specification proved to be difficult.

B.4 Preliminary Assessments of Performance
In Appendix Cwe present examples of AIThreads responding to visualization editing operations that
were described by Kim et. al. [38] and to different visual analytic intents described by Srinivasan et.
al. [65]. We also provide a walk-through of AI Threads using a dataset that we know is not found in
the training data for our agent. Here, we present a short assessment of the impact of agent choice.
We replay a subset of visual analytic conversations from a prior study [71] that interrogated the
role of iterative refine via sequential utterances. In Figure B.4 we show an example conversation.
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How many people 
survived?

Show age bins What are the top 5 age 
bins that survived? Color survived by class Show only female Show only male

Show survived color 
by parents on board Color siblings

Start over

Discourse Chunk 1

Discourse Chunk 2

Start over

Class colored 
by fare bin Show by survival

Discourse Chunk 3

Start over

What are the top 5 age 
bins that survived?

Participant Utterance

Wizard Response

Fig. B.4. Example of a Visual Analytic Conversation between a participant and Wizard from Tory and
Setlur [71]. Participants could choose to iterate over the existing visualization or start a new one. Certain
utterances (e.g., ‘start over’) were explicit signals to begin a new visualization, but the Wizard could also
make their own judgments. Tory and Setlur [71] segmented conversations into discourse chunks. Context is
retained with a chunk, to modify the prior visualization, and is shifted in between chunks. In this example
conversation, a participant made 13 utterances, which could be broken down into three discourse chunks. We
replay conversations from [71] to conduct preliminary assessments ahead of conducting user studies.

B.4.1 Approach. We compared Code Interpreter (GPT-47), GPT3.58, and CodeLlama9. For GPT-3.5
and CodeLLama, we provided the full conversational context up to the token limit, after which
we excluded earlier utterances. Code Interpreter (GPT-4) had its own mechanisms for context
management. We provide the utterances from Tory and Setlur [71] to these agents and record
their results. Correctness alone is not a sufficient criterion for evaluating automatically generated
code, there is a lot of subjectivity in these assessments [11]. We appraise the agents’ responses
on the following criteria: 1) is the code executable? 2) does it produce a visualization? and 3) is
the response appropriate for the utterance? To assess the appropriateness of visualizations, we
consider the chart type and the dataset attributes that are visualized. We manually reviewed the
responses and made general assessments as to their appropriateness. In the supplemental material,
we include a computational notebook that outlines additional considerations for conducting this
re-analysis.

B.4.2 Assessments. The primary challenge we encountered in making these assessments was the
non-deterministic nature of the agents’ responses, where the same utterance yielded different
results on separate occasions. In an extreme case, the given agent might produce non-executable
code and upon being re-run provide a correct response – although such instances were infrequent.
Notably, CodeLlama was more likely to produce non-executable code even in spite of multiple
re-runs. When the agent generated executable code, the response was either a text or visualization.
Code Interpreter exhibited a higher inclination toward textual responses compared to GPT-3.5.
At times a text response is warranted, for example, the utterance “how many people survived?”
could reasonably produce a visualization or a simple text response. For other utterances, for
example “What are the top 5 age bins that survived?”, Code Interpreter also tended to produce text
responses when we deemed a visualization might be more appropriate. When considering the
content of the visualization responses, it is important to note that they did not identically match the
results from [71] but were still correct. For example, the Wizard tended to use facets regularly (see
7We used the Assistants API with gpt-4-1106-preview and with code interpreter as a tool.
8GPT-3.5-turbo
9We explored models with different parameter sizes (7B, 13B, and 34B) and fine-tuning regimens. Here, we only report on
the results of a 34B parameter model that was fine-tuned on an additional dataset of approximately 80K examples[55].
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Figure B.4) whereas the GenAI agents used other encoding channels, like color or position. Similar
to the Wizard, the agents commonly produced bar charts. An important, but complex, factor for
assessing an agent’s responses was their ability to retain context within a chunk, and thus build
on the previous utterance, or shift context when appropriate. We observed that agents behaved
inconsistently with context switches and retention. For example, they would ‘forget’ variables from
prior utterances, treating them as independent instead of sequential. The inclusion of anaphoric
references [16] improves this behavior, but, participants did not use them frequently or consistently.
Additionally, utterances indicating context shifts (e.g., ‘start over’) were not consistently interpreted,
aligning with findings from Tory and Setlur’s study [71] that even human wizards experience
difficulties in context management.

A final assessment we made was to ensure that the model was actually evaluating the dataset
provided. To make this assessment we perturbed the values of the dataset, changed column names,
and made other modifications to ensure the agent was analyzing the dataset provided and not just
reproducing responses from its training data. Finally, we also compared to Code Interpreter [1]
to ensure response consistency. Overall, we primarily assessed whether the agent consistently
produced executable code that, when appropriate, displayed a visualization. In our user studies, we
further investigate the appropriateness of the agent’s responses to participant utterances.

Overall, this preliminary assessment indicated that GPT-3.5 consistently produced visualiza-
tions, often of equal or superior quality to GPT-4, and demonstrated significantly faster response
times. Consequently, GPT-3.5 was selected as the generative AI agent for subsequent studies. The
observations from this assessment influenced the context management strategy for the system
(Section 3.3).

C AI THREADS ADDITIONAL DETAILS
C.1 Editing Actions & Utterance Intent Examples
AIThreads can modify a visual encoding in a variety of ways, in Figure C.1 we provide a concrete set
of examples from the edit operations described inGraphScape [38]. Additionally, we explored howAI
Threads responds utterances posed with different types of analytic intents. We draw on examples
utterances from the SNOWY system [65]. Figure C.2 shows an example of the utterance, the
resulting visualization, and a text output generated by the system to describe the data visualization
that was generated. Note that due to the size of the figures, they follow the subsequent Section B.3.
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Mark

Category Edit Operation Example

Mark A -> Mark B

Transform Scale

Sort

Bin

Aggregate

Modify / Filter/ 
Add / Remove

Utterance : Show 
me a scatter plot 
to two highly 
correlated and 
numeric variables 
in the dataset


Utterance : Make 
this a box plot


Utterance : Make the 
y-axis a log scale


Utterance : sort 
the x-axis from 
the lowest average 
fare paid to the 
highest average 
fare paid

Initial Revised

Utterance : can you 
create density bins 
to summarize this?

Utterance : Can you add 
a line to the y-axis 
that shows the median 
fare paid?

Utterance : Show me a 
scatter plot between 
fare paid and the 
passenger age


Utterance: can you 
filter out 
passengers that 
paid more than $150

Encoding Transpose

Move

Modify

Utterance: can you swap 
the x and y axes?

Utterance: Can you add 
passenger class?

Utterance: can you 
color points by 
survival status?

Change the mark type from A 
to B, or vice versa

Add, change or remove an 
axis scale transform

Change the sort order of a 
visualized data field.

Discretize values of a 
visualized field into bins.

Aggregate values according to an 
aggregation function such as 
sum, mean or median.

Swaps the (x, y) or (row, 
column) channels.

Filter data records according 
to a filter predicate function.

Move a field on one channel 
to another channel.

Replace a field in a channel 
with another field.

Utterance : Show me a 
scatter plot between 
fare paid and the 
passenger age


Utterance: Utterance: can 
you facet by passenger 
class instead of using 
color?

Add / Remove
Add or remove a field from an 
encoding channel

Fig. C.1. Example editing operations. The arrows indicate that the editing operation was continues in a
thread. The above figure show three prompts producing a encoding that is the further modified via editing
operations in a thread. Arrows indicate a continuation from the previously refined encoding. Edit operations
were taken from [38].
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Intent Example

Correlate

Group

Trend

Distribution

Filter

Aggregate

How are fare and 
passenger's age 
correlated? 

This scatter plot shows the relationship between 
Fare and Age of the passengers. The x-axis 
represents the Fare amount paid by the passengers, 
while the y-axis represents their age. The dots 
represent individual passengers. The correlation 
coefficient between Fare and Age is 
0.09606669176903888, indicating the strength and 
direction of the linear relationship between the two 
variables.

Utterance Visualization Output Text

On average what 
was the total 
fare paid by 
class? 

This bar plot shows the average fare paid by 
passenger class. The x-axis represents the 
passenger class (1st, 2nd, 3rd), and the y-axis 
represents the average fare. The height of each bar 
represents the average fare paid by passengers in 
that class. It can be observed that on average, 
passengers in 1st class paid the highest fare, 
followed by 2nd class and then 3rd class.

Show the survival 
by 10 year age 
groups 

This bar plot shows the survival rate for each 
ten-year age group. The x-axis represents the 
ten-year age groups, and the y-axis represents 
the survival rate. The height of each bar 
represents the survival rate of passengers in that 
age group. It can be observed that the survival 
rate is highest for children (0 - 9 years) and 
decreases as the age group increases until it 
reaches the lowest for the elderly (70 - 79 years).

What was the age 
age distribution 
by survival 
status? 

This histogram shows the distribution of age by 
survival status. The x-axis represents the age of the 
passengers, and the y-axis represents the count of 
passengers. The histogram is stacked, with the 
different survival statuses (0 = Not Survived, 1 = 
Survived) represented by different colors. The vertical 
axis also includes a smoothed density estimate 
(Kernel Density Estimate) to visualize the underlying 
distribution. It can be observed that there is a higher 
count of young passengers who did not survive 
compared to those who survived.

Show the top 
three age groups 
by survival 
status

This bar plot shows the count of survivors and non-
survivors in the top three age groups. The x-axis 
represents the age group, and the y-axis represents the 
count of passengers. The bars are stacked, with different 
colors representing the survival status (0 = Not Survived, 
1 = Survived) within each age group. It can be observed 
that the highest count of survivors is in the age group 
20-29, followed by the age group 30-39, while the 
highest count of non-survivors is in the age group 20-29, 
followed by the age group 30-39.


Show median fare 
paid instead

This bar plot shows the median fare paid by 
passenger class. The x-axis represents the 
passenger class (1st, 2nd, 3rd), and the y-axis 
represents the median fare. The height of each bar 
represents the median fare paid by passengers in 
that class. It can be observed that the median fare 
paid increases from 3rd class to 1st class, indicating 
a higher fare for higher passenger classes.

Fig. C.2. Examples of AI Threads responds to utterances with different intents. Utterances are inspired
by those suggested in [65].
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Fig. C.3. Ukraine-Russian war dataset. The Data Dictionary for this dataset was automatically derived
by AI Threads.

C.2 Example on an Additional Dataset
Finally, we demonstrate the use of AI Threads on a dataset collected after GPT-3.5’s knowledge-
cutoff date of September 2021. The Armed Forces of Ukraine has published data related to its
military operations since the first week of the war, which began in 2022. A structured dataset
was compiled from the Ukranian government’s website as daily reports and continues to also be
updated weekly on Kaggle. The dataset contains information about the cumulative number of losses
per day sustained by Russian forces, including both military personnel and equipment. We provide
walkthrough of a data analyst, Sam, using AI Threads. A summary of Sam’s analysis is shown in
Figure C.4.

Sam wants to quickly explore the dataset to find compelling visualizations that can be used to
support their investigation of the Ukrainian-Russian war. They upload the dataset and AI Threads
generates a data dictionary including the description of each column (Figure C.3). Sam begins by
typing: “Show trend in each equipment.” AI Threads correctly responds with a line chart displaying
the cumulative loss of each Russian piece of equipment throughout the war. However, all 15
equipment types are difficult to distinguish using a single color palette. Sam directs AI Threads
to ‘‘Show trend in all aerial equipments” . The simplified line chart now clearly communicates
that Russian drone losses are rising day by day. This is in stark contrast to the stagnation in the
cumulative losses of aircraft and helicopters, even though the war has escalated.

Th
re

ad
 1

Th
re

ad
 2

Fig. C.4. Example analysis for Ukraine-Russian war dataset. Two visualizations and shown in the Main
Chat area in addition to their modifications via two separate Thread panels.
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Sam understands that since the data is maintained by the Ukrainian forces, it may inflate the
number of true Russian equipment losses. So Sam opens a Thread next to the line chart and asks:
“These numbers might be inflated, but it might be still useful to show equipment losses relative to each
other. What can I visualize instead of absolute losses?”. AI Threads responds by recommending a
stacked area plot to present the data, so Sam further elaborates by first uttering “Can you make a
stacked area plot?” and subsequently to “Show as a 100% stacked area chart” and finally to “Show
the original chart side-by-side” – the result is combining line and area charts can highlight both
absolute and proportional values. Finally, the line chart would seem more insightful if it depicted
the average loss across all equipment types as a baseline to compare the trends of each piece of
equipment. Sam directs AI Threads to draw the average loss as a dashed line on the line chart and
exits the Thread.

Sam is pleased with their first visualization, which they see now in the Main Chat with the
AI. However, the visualization only depicts a small subset of the data. Interested in building a
narrative about well-known Ukrainian counteroffensives, Sam directs AI Threads to “Show trend in
all weapons in the same way” (i.e., the same way as the previous result which Sam heavily refined
in a separate Thread). Although AI Threads’s new visualization correctly presents some weapon
losses as a paired line and area chart, Sam is not entirely happy with the weapons shown.

Sam opens a Thread next to the figure. They direct AI Threads to “Add tanks and APCs” since
tanks and APCs (Armored Personnel Carriers) are also used in offensive operations. Sam then
directs the AI to “Remove cruise missiles and combine field artillery and MRL as artillery systems.”
Cruise missiles are single-use ammunition, unlike the rest which are multi-use equipment; field
artillery and MRLs are both mid-range artillery systems. Sam now notices visual trends emerging
in the line chart: two notable periods where there were relatively steeper inclines. They wonder if
they correlate with the launch of major counteroffensives. Sam directs AI Threads to “Highlight 29
August – 11 November 2022 on the line chart” the duration of Ukraine’s first counteroffensive, and is
pleased to see the first dramatic increase across Russian weapon losses overlaying perfectly with
the highlighted period.

Finally, the second counteroffensive was launched on the 4th of June, 2023 10. Sam directs AI
Threads to “Draw a reference line on June 4, 2023” and notices that the dramatic rise in Russian
artillery systems lost corresponds reasonably with the date. Sam exits the Thread and is ready to
share the Main Chat, complete with charts plus titles and captions explaining their visual elements,
with their colleagues at their next meeting.

10https://www.reuters.com/world/europe/russia-says-its-forces-thwarted-major-ukrainian-offensive-2023-06-04/
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