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Figure 1: ArticulatePro, a visualization application integrated in the Smart Amplified Group Environment (SAGE3) software
[49]. Dyads of participants in the user study talked to a voice-activated digital assistant to create visualizations on the Hawaii
Climate Data Portal (HCDP) [25-28].

Abstract

Recent advances in Natural Language Interfaces (NLIs) and Large
Language Models (LLMs) have transformed the way we tackle
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NLP tasks, shifting the focus towards a more Pragmatics-based
perspective. This shift enables more natural interactions between
humans and voice assistants, which have historically been difficult
to achieve. Pragmatics involves understanding how users often
speak out of turn, interrupt one another, or provide relevant in-
formation without being explicitly asked (maxim of quantity). To
explore this, we developed a digital assistant that continuously
listens to conversations and proactively generates relevant visual-
izations during data exploration tasks. In a within-subject study,
participants interacted with both proactive and non-proactive ver-
sions of a voice assistant while exploring the Hawaii Climate Data
Portal (HCDP). Results suggest that interaction with the proactive
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assistant increased the total number of utterances and discoveries,
facilitated quicker and more reliable insights, and led to greater
usage of the system’s chart capabilities. Our study highlights the
potential of proactive Al in NLIs and identifies key challenges in
its implementation, offering insights for future research.
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« Human-centered computing — Natural language interfaces;
Empirical studies in visualization; Collaborative and social com-
puting devices.
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1 Introduction

Advances in Large Language Models (LLMs) like GPT, Llama, and
BERT [2, 18, 53] have accelerated progress in NLP applications,
despite ongoing ethical debates [1, 8, 31]. Li et al. synthesized the
research in Natural Language Processing (NLP) and advocated for
a more Pragmatic approach towards Natural Language Interfaces
[24]. Pragmatics is a branch of linguistics that describes the nuances
that occur in natural language conversations, highlighting context
as a crucial factor towards understanding one another. This shift
towards Pragmatics gives us the opportunity to reevaluate how we
approach interacting with voice assistants to develop Pragmatics-
focused Natural Language applications. A Pragmatic voice assistant
could better model human communication, supporting roles like
Al psychiatrists or tutors.

In human conversations, proactivity involves natural interac-
tions such as interrupting, talking out of turn, and offering the
right amount of information [6, 40]. These kinds of interactions
are described by Pragmatics [10, 22]. However, current home assis-
tants, such as Siri and Alexa, respond only to direct requests, and
even advanced Al chat bots such as ChatGPT and Claude act only
when explicitly instructed. This results in Al that mirrors the user’s
thoughts rather than prompting new ideas or challenging their
thinking, which can limit the depth of conversations [56]. Previous
research highlights the potential benefits and the growing demand
for proactive Al [30, 54, 55]. This research aims to illuminate the
benefits and challenges that may occur when users interact with a
proactive voice assistant, motivated by the theory of Pragmatics.

To explore the concept of a proactive Al voice assistant, we fo-
cused on the context of data exploration. During the past decade,
Natural Language Interfaces (NLIs) have made significant progress
in assisting users with data exploration tasks [43]. These interfaces
simplify the process of creating visualizations to enable users to
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understand data without programming skills or expertise in visual-
ization [33, 48]. Data exploration serves as the testbed to evaluate
the effectiveness of our approach towards proactive digital assistant.

To address the gap in knowledge about proactive Artificial Intel-
ligence, we pose the following research questions:

(1) What are the differences in verbal interaction and outcomes
when using a proactive digital assistant versus a non-proactive
digital assistant during data exploration tasks?

(2) What are the benefits of interacting with a proactive digital
assistant during data exploration?

To explore these questions, we developed two versions of a
data visualization application called ArticulatePro. The first version
features a digital assistant capable of generating charts only when
explicitly asked. The second version features a digital assistant
capable of generating charts when either the user explicitly asks for
it or when it feels an opportunistic moment to be proactive. Both
digital assistants continuously listen to conversations and only
operate differently in the timing of chart generation. We evaluated
our approach through a within-subject user study, where dyads
of participants interacted with both a proactive digital assistant
and a non-proactive version of the assistant. By comparing the
interactions of the participants under both conditions, our study
aims to uncover the potential benefits and challenges of a proactive
digital assistant.

This paper makes the following contributions:

(1) A working prototype of a proactive system designed for data
exploration tasks.

(2) An evaluation of the effectiveness of our proactive digital
assistant.

(3) A comparison of interactions between a proactive and a
non-proactive digital assistant.

(4) A discussion of the usability challenges encountered when
working with a proactive digital assistant for data explo-
ration tasks.

2 Relevant Works

In this section, we describe the relevant research in natural language
for data exploration applications, proactive digital assistants, and
Pragmatic theories.

2.1 Natural Language for Data Exploration

Over the past decade, significant advancements have been made
in the research of systems that facilitate data exploration tasks us-
ing natural language voice commands. This focus enables users to
perform data exploration more efficiently, allowing them to con-
centrate on the exploration process rather than on the generation
of charts. Sun et al. developed and evaluated Articulate [48], one of
the first data exploration systems enabled by natural language [43].
They found that users, on average, created charts 12 times faster
than when using Excel, showcasing the efficiency gains that can be
achieved with a natural language system.

Prior work explored hybrid voice and GUI interactions for data
exploration [14, 41]; we focus primarily on voice-driven chart cre-
ation.

In 2016, Kumar et al. conducted a Wizard-of-Oz study, reveal-
ing that only 15% of user utterances were direct queries, while
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the remaining 85% provided context for queries during data explo-
ration tasks [19]. Queries lacking sufficient context often failed
to generate the intended visualizations. From 2018 to 2023, re-
searchers including Hoque et al., Srinivasan et al., Setlur et al.,
and Tabalba et al., designed context-supported data exploration
systems [17, 41, 47, 50, 52]. These studies demonstrated how incor-
porating context could help repair incomplete or imprecise queries,
emphasizing the importance of context-supported natural language
systems, one of the key aspects of Pragmatics, specifically the the-
ory of relevance [56], where people aim to communicate in a way
that maximizes relevance.

Between 2017 and 2023, Aurisano et al., Kumar et al., and Bhat-
tacharya et al. iterated on a conversational data exploration system,
focusing on resolving co-reference resolution [4, 5, 7, 20]. How-
ever, with the advent of OpenATI’s Large Language Model (LLMs),
models like GPT3 have been shown to perform exceptionally well
in addressing co-reference resolution [13], showcasing how LLMs’
generalized knowledge can be leveraged to solve previously chal-
lenging NLP problems.

2.2 Proactive Applications

The need for proactive systems has been widely discussed. McMillan
et al. hired designers to analyze daily conversations, identifying
opportunities for proactive Al, such as launching apps like Uber
Eats when users mentioned "hungry” or "food" [29]. Volkel et al.
surveyed 205 participants and found strong support for proactivity:
87% wanted more suggestions, 83% preferred automatic scheduling,
and 80% advocated for assistant-led dialogue [55].

Reicherts et al. explored perceptions of proactive voice assistants
through storyboards, finding them useful, appropriate, and pleasant
[36]. Similarly, Zargham et al. introduced the "Proactivity Dilemma,’
noting that proactive NLIs can be both helpful and intrusive de-
pending on context [57]. While we do not evaluate intrusiveness
directly, we recognize the need to balance helpfulness and disrup-
tion, focusing instead on comparing proactive and non-proactive
assistants during data exploration.

Andolina et al. developed a system for proactively retrieving
Google search results to reduce query formulation effort [3], while
Shi et al. built a brainstorming system that retrieved images based
on conversation, reducing lulls and encouraging idea generation
[44]. Balaraman and Bernardo developed SimDial, a proactive re-
trieval system based on Pragmatic theories, reducing user-system
dialogue turns during simulated conversations [6]. In contrast, our
work extends these ideas to real-world, collaborative data explo-
ration, applying theories of relevance and conversational dynamics
to guide a fully operational, always-listening assistant.

2.3 Pragmatics

Liet al. provided an overview of Natural Language Processing (NLP)
within the context of Information Science, highlighting semantics,
syntax, and pragmatics as core areas [24]. While their work calls
for greater attention to pragmatics in Natural Language Interfaces
(NLIs), it focuses primarily on linguistic aspects such as context
and grounding. In contrast, Skantze offers a detailed account of
turn-taking — a foundational aspect of pragmatics — emphasizing
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its role in coordinating spoken interaction and dialog system design
[45].

Our work builds on these perspectives by focusing on proactivity:
determining whether the assistant should take a turn based on
inferred user intent. This reflects a complementary application of
pragmatic reasoning aimed at supporting a natural, context-aware
interaction in collaborative data exploration.

Pragmatics, a branch of linguistics, focuses on the nuances of
natural language conversations, with context as a central element.
According to Cutting, context includes the physical setting, shared
background knowledge, and mutual understanding between par-
ticipants [10]. Context heavily shapes meaning, as illustrated by
Grice’s concept of "implicatures,” where sentences convey implied
intent beyond their literal meaning [15]. For example, "The turkey
is ready to eat!" could imply either that dinner is ready or that a
turkey needs feeding, depending on the setting. Inspired by this,
our approach detects user utterances that hint at interests, enabling
proactive generation of relevant visualizations rather than relying
solely on isolated queries.

Grice further developed the Cooperative Principle, outlining four
conversational maxims: quantity, quality, relevance, and manner.
Wilson and Sperber later proposed that relevance alone governs ef-
fective communication, emphasizing that context determines what
is meaningful in a conversation [56].

ArticulatePro builds on these pragmatic theories by leverag-
ing implicatures and relevance to guide proactive behavior. Setlur
and Tory [42] explored how Gricean Maxims inform analytical
chatbot design, focusing on cooperative behavior and intent inter-
pretation. Extending this work, ArticulatePro implements a fully
functional, always-listening assistant that proactively generates
visualizations in response to conversational cues. By applying rel-
evance theory to identify opportune moments for intervention,
ArticulatePro reduces users’ cognitive burden and fosters a more
dynamic, context-aware interaction during data exploration.

3 ArticulatePro

In designing our ArticulatePro, we emphasize context by imple-
menting two things. First, we program the assistant to continuously
listen to conversations, capturing all utterances it hears. Second, we
program the assistant to know what visualizations the users asked
for, what visualizations they selected, and what visualizations they
most recently interacted with. Inspired by Wilson and Sperber’s
principle of relevance, we design prompts that guide a series of
LLMs to use context in order to extract relevant details from the
user’s intent to create a visualization.

In the following sections, we first describe an overview of how
users interact with ArticulatePro. Then we describe the technical
components on how the system works internally.

3.1 An Overview of the System

ArticulatePro is implemented as an application in SAGE3 (Smart
Amplified Group Environment!), a web application designed to
support information-rich collaboration between large display walls
and laptop devices [16, 49]. SAGE3 is developed using JavaScript
for the frontend and Node.js and Python for the backend. We chose

Uhttps://sage3.app
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SAGES3 as the foundation for ArticulatePro because it allowed us
to leverage its features, such as managing content on an infinite
canvas, while simplifying the development stack needed to build
the application.

Figure 2: (1) General workspace for moving, resizing, and
deleting selected visualizations. (2) The digital persona of
ArticulatePro that creates visualizations. (3) A visualization
conveyor belt (inspired by a sushi conveyor belt) that dis-
plays generated visualizations from the digital assistant. The
assistant creates visualizations and displays them on the con-
veyor belt, where users can select charts to move them to the
general workspace for further analysis.

The ArticulatePro application (Figure 2) enables users to explore
data through interactions with a digital assistant, Arti, using natural
language voice commands. Designed with a Pragmatic approach,
Arti continuously listens to user conversations and tracks inter-
actions with charts to leverage context—an essential element in
Relevance Theory, a central concept in Pragmatics [10]. This allows
Arti to resolve incomplete or ambiguous queries and determine
the best moments to generate visualizations — whether explicitly
requested or proactively inferred — akin to how humans respond
in conversations. In proactive cases, Arti relies on implicatures, or
implied meanings, to interpret what users might need even when
they haven’t directly stated it. Below are descriptions of an ex-
plicit request and how Arti proactively creates charts based on such
pragmatic cues:

Explicit Request When the user explicitly asks for a chart,
Arti behaves similarly to current digital assistants like Siri,
Alexa, and Cortana, but without the need for wake words.
Arti listens continuously and generates a chart whenever it
detects a command. For example, the user might say, “Gener-
ate a chart on COVID risk and diabetes rate.” In this case, the
user directly requests a chart that shows the two variables.

Proactive In proactive instances, Arti generates a chart even
when the user hasn’t explicitly requested one. For example,
if two users are exploring medical data and one says, "I
don’t get why COVID rates are higher in the East than in the
West," Arti might generate a chart comparing medical factors
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between the East and West. Although the user does not
directly ask for a chart, this utterance carries an implicature —
a pragmatic inference — that they are seeking an explanation.
By responding with a relevant visualization, Arti leverages
this pragmatic cue to assist the user’s understanding. This
illustrates how Arti can be proactive during data exploration
tasks by responding to implied intentions rather than only
explicit commands

The charts generated by Arti appear on a visualization conveyor
belt (Figure 2, Box 3), where users can hover to preview and, if
valuable, click on them to move it to the workspace (Figure 2, Box
1) for further analysis, including resizing, comparison, or deletion.

The following sections outline our proactive design process. We
first identify opportunities for proactivity in data exploration and
then present our solution, rooted in Pragmatic communication
theories.

3.1.1 Investigating Proactive Opportunities. To identify opportu-
nities for a digital assistant to act proactively, we conducted an
analysis on a prior study[52], where dyads of participants used
an always-listening assistant during data exploration tasks. This
analysis revealed moments where a digital assistant could intervene
proactively—an area not previously explored in the literature. We
reviewed utterances from that study and developed six key classifi-
cations based on moments where user speech implied, but did not
explicitly state, a desire for system support. These pragmatic cues,
often realized through conversational implicatures [15], reflect how
users naturally communicate in collaborative tasks.

Discovery Users verbalize findings, such as, "As COVID rates
increase, so does poverty." The assistant could confirm or
challenge these insights.

Disagreement Users express differing views, e.g., "I don’t think
that’s true." The assistant could provide data to clarify dis-
agreements.

Preference Users indicate chart preferences, such as, "I think
we should use more maps." The assistant could prioritize
similar visualizations.

Criticism Users critique charts, e.g., "I can’t read that text."
The assistant could adjust the chart’s format.

Curiosity Users state future exploration plans, like, "Let’s fo-
cus on small cities" The assistant could generate relevant
charts proactively.

Confusion Users express uncertainty, e.g., "Do doctors count
as a resource?" The assistant could offer clarification or guid-
ance.

Our classifications align with prior work on proactive assistants
[36, 57], though ours are specific to data exploration. Among these,
Discovery was the most prevalent. Focusing on this single classifi-
cation allowed us to maximize user interactions with the proactive
assistant while keeping the study’s scope manageable.

3.1.2  Pragmatic Approach for Proactive Opportunities. To guide the
development of our proactive assistant, we applied Wilson and Sper-
ber’s theory of relevance, a simplified version of Grice’s theory on
cooperative principles. We incorporate the theory of relevance by
implementing a history component that tracks the ongoing conver-
sation, user interactions, and previously generated charts, enabling
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the system to produce relevant visualizations while minimizing
redundancy (see Section 3.2.3 for implementation details).

3.2 Technical Overview

In this section, we describe the internal components of the Artic-
ulatePro application. Figure 3 displays the architecture of Articu-
latePro.

@ User Interaction

AL @ we @ oo
) ,
PI] Whisper Transcription —» &

@ Presentation @ @ Query Refinement

Chart Transformation Selector

Chart Reasoner

Attribute Extraction

P tive Opportunit

Chart Type Selector

Decision Summarizer ‘ Station Extraction ‘ ‘ Explicit Query l

Figure 3: The architectural design of ArticulatePro. (1) User
interaction consists of the user’s speech and interaction of
charts. (2) Speech module transcribes the user’s speech using
OpenAI’s Whisper model [34]. (3) History consists of a his-
tory of the user’s utterance and chart interaction. (4) Query
Refinement creates a succinct query based on the history
component. (5) Chart Reasoner extracts and decides what
chart to construct and what attributes to visualize (6) Pre-
sentation component for chart construction and response
generator.

Each component in Figure 3 represents a step in the pipeline,
with output from one stage becoming input for the next. Below, we
describe each step in more detail.

3.2.1 User Interaction. The system captures user speech, chart
selections, and interactions. The assistant presents charts and ac-
companying textual summaries. When noise or speech is detected,
the raw audio is sent to the Speech Module for transcription.

3.22 Speech. The speech component is designed to transcribe the
collected raw audio from the user interaction component to text.
To do this, we process the speech using OpenAlI’s powerful speech
recognition model, Whisper. Once Whisper transcribes the speech,
the text is sent to the history component. Any noise or speech that
is not transcribed by the speech recognition model is not further
processed by the system.

3.2.3 History. ArticulatePro maintains two types of histories:
(1) Dialogue History
(2) User Interactions, which include:
o Charts that the user selected
o Charts that the assistant generated
o The last chart that the user interacted with
According to Relevance Theory, keeping track of the context is
crucial for building a successful pragmatic natural language appli-
cation. Here are specific implementation details on how the system
keeps track of history:
Dialogue History ArticulatePro limits the dialogue history to
the last five utterances. We experimented with longer context
lengths, but this led to the model overemphasizing irrelevant
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context. For example, early in a data exploration task, the
user might say, "We need to focus on rainfall for renewable
energy." Later, they might decide that wind speed and solar
energy are more important. If the model retains the initial
focus on rainfall, it could generate less relevant content. In
our prior work, we found found a five-utterance history
strikes a good balance between relevance and filtering out
outdated content [50, 52]. While other dialogue management
strategies could be used, this approach meets our needs.
Chart Interaction History The user interaction history keeps
track of the charts that the user interacts with and what
the digital assistant generated. This history provides context
that allows the system to generate relevant charts and avoids
generating duplicate charts. We keep track of the charts by
storing the titles of the charts. Following the five-utterance
history, we also limit the history to the most recent 5 charts
the user selected, most recent 5 charts that the assistant
generates, and the last chart that the user selected.

This history is then utilized in the query refinement component.

3.2.4 Query Refinement. The Query Refinement component in Ar-
ticulatePro rewrites user queries by incorporating the context from
the History component. This ensures that the system generates
more relevant charts, corrects incomplete or inaccurate queries,
and avoids redundancy by recognizing previously generated visu-
alizations.

For example, if the History component contains utterances about
Oahu, such as “Show me places in Oahu that receive the most
rainfall. Yeah, click on that one. Okay...”, the system may rewrite
a follow-up query like “Now show me the soil moisture in that
area” as “Generate a chart on the island of Oahu representing soil
moisture in areas with the highest rainfall” Similarly, if the History
contains references to Kauai, the query would be rewritten to reflect
the user’s interest in Kauai instead.

ArticulatePro determines whether a user’s utterance is an Ex-
plicit Query or a Proactive Opportunity using a custom-trained
neural network. We opted to train our own lightweight model to
meet the system’s domain-specific requirements, ensuring real-time
performance without the computational overhead of large language
models (LLMs). While LLMs could be used for this task, their proba-
bilistic nature often leads to unpredictable outputs, which we sought
to avoid to maintain consistency and task alignment. Details on
our neural network training are provided in Section 3.2.5.

Below, we describe how ArticulatePro handles different query
types:

Explicit Query Explicit queries are utterances where the user
directly asks for a chart. Here are some examples:

e Generate a chart on the solar energy for the Big Island.

e Show us a graph of the air temperature on Oahu.

e Display a chart of the highest recorded rainfall measure-
ment in Hawaii.

Proactive Opportunity Using a classification model that we
trained, ArticulatePro continously listens to the conversation
and classifies each user utterance. If the system classifies an
utterance as a discovery/finding, it will try to proactively
generate a chart. Once a proactive opportunity is detected,
the system creates a new query based on the history. Here
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are a few examples of findings or discoveries that the system

would detect:

e Station 4 on Oahu has the most rainfall.

o So as fuel efficiency increases, so do sales.

o There are a lot of affordable properties in rural areas.
Non-Query If a query is not detected as either explicit or

proactive, it is labeled as a non-query. ArticulatePro does

not perform an action on non-queries.

For both Explicit Queries and Proactive Opportunities, Artic-
ulatePro refines the user’s query by leveraging the History com-
ponent to produce relevant visualizations. This ensures that the
assistant remains contextually aware and minimizes redundant
outputs.

3.25 Neural Network Training. ArticulatePro detects query types
using a custom-trained neural network. The training data was
sourced from our prior work [51], where utterances were manually
labeled as Explicit Query, Proactive Opportunity, or Non-Query.
Due to the limited number of utterances, we augmented the dataset
by generating 700 examples per class using GPT-4.0, a common
NLP practice for dataset expansion [38].

The model is a simple feedforward neural network consisting
of an input layer (n-dimensional embeddings), a hidden layer with
128 units (ReLU activation), and an output layer with three units.
It was trained with the Adam optimizer (learning rate 0.001) and
CrossEntropyLoss, using a 60/20/20 train/validation/test split over
20 epochs with a batch size of 32. Model weights were saved at
each epoch, selecting the best based on validation loss.

The final model achieved 93.3% accuracy on the test set, with
training and validation losses (0.676 and 0.670, respectively) indi-
cating no overfitting.

3.2.6 Chart Reasoner. The Chart Reasoner generates the details
required to construct the user’s chart. Lee et al. introduced the
concept of a "Macro-Query", defined as a broad, high-level request
to a system that lacks explicit instructions on which data attributes
to retrieve or which transformations to apply [21]. Unlike simple
syntactic retrievals, Macro-Queries involve semantic reasoning and
implicit information retrieval.

In our work, we address this notion of Macro-Query by leverag-
ing a series of Large Language Models (LLMs) to reason through var-
ious sub-tasks involved in chart generation. These tasks collectively
assist the system in understanding user queries and constructing
relevant visualizations.

Here is a list of tasks the system addresses:

Attribute Extractor Identifies and extracts relevant data at-
tributes from the user’s query, such as temperature, rainfall,
or time periods.

Station Extractor Retrieves data from the Hawaii Climate
Data Portal, filtering for stations that match the user’s query
criteria (e.g., geographic locations like Kauai or specific cli-
mate stations).

Transformation Selector Determines and applies any neces-
sary filters or transformations to the data, such as calculating
averages, aggregating by time period, or filtering by location.

Chart Type Selector Chooses the most appropriate chart type
to represent the user’s query, based on the attributes and
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# | Llama3- | Llama- | Mixtral- | Gemma-| GPT-40 | GPT-4-
70b 8b 8x7b 7b turbo

1] 9.35s 3.44s DNF 3.07s 12.71s 32.69s
2| 5.67s DNF 2.76s 3.22s 17.58s 30.16s
3| 4.23s 3.66s DNF DNF 13.63s 32.36s

Table 1: Llama3-70b and GPT-40 took the shortest time to
generate a result without encountering any errors that would
have caused it to not finish.

transformations identified. For example, a scatter plot re-
quires two numerical attributes, while a bar chart can repre-
sent a single categorical variable.

The Attribute Extractor, Station Extractor, and Transformation Se-
lector can be executed in parallel, as they do not depend on each
other. The only task that is order-dependent is the Chart Type Selec-
tor, which requires the outputs from the other steps to determine
the appropriate chart type. For instance, a scatter plot requires
two numerical attributes, while a time series chart requires a time
dimension.

We used different LLMs for each extraction and selection task,
prioritizing speed and accuracy. The following models were evalu-
ated for performance across tasks: GPT-4o, Llama3-70b, Llama3-8b,
Mixtral-8x7b, Gemma-7b, and GPT-3-turbo-preview. Based on our
experiments, we selected Llama3-70b for tasks that required speed
and GPT-40-2024-05-13 for tasks that required greater reliability.
Table 1 shows the average completion time (in seconds) for each
model to process the query: "Show me a chart on air temperature
for Kauai" over three attempts.

We also employed a prompt engineering technique that includes
adding a reasoning step, as described in the paper [37]. The reason-
ing step was added for two reasons:

(1) Performance Improvement: Prior research has shown that
asking the LLM to justify its answers can increase the sys-
tem’s performance.

(2) User Feedback: At the end of the decision-making process,
the reasoning steps, along with the decisions, were sum-
marized by a specialized agent. This summary was then
presented to the user as 1 or 2 sentences.

3.2.7 Presentation. In the final component, the system produces
two outputs: the chart for the user and a summary of what it has
generated. ArticulatePro uses the information gathered from the
Chart Reasoner component to construct the chart.

First, the system uses the stations extracted by the Station Ex-
tractor and the attributes from the Attribute Extractor to fetch the
necessary data. Next, it applies the transformations selected by the
Transformation Selector. Finally, based on the chart type chosen
by the Chart Type Selector, the system utilizes pre-defined code to
construct the chart and fills in the required details. For this process,
we use the ECharts library by Apache [23].

This final component also generates a summary of its decisions
for the user. It uses the information gathered from the reasoning
step in the Chart Reasoner component. We use the LLM Llama3-
70b-8192 to summarize these decisions.
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4 Evaluation

In this section, we outline our evaluation methods to address the
following research questions:

(1) What are the differences in the number of verbal interaction
and outcomes when using a proactive digital assistant versus
a non-proactive digital assistant during data exploration
tasks?

(2) What are the benefits of interacting with a proactive digital
assistant during data exploration?

To answer these questions, we conducted a comparative within-
subject user study where participants interacted with two condi-
tions: P where the proactive version of ArticulatePro was used
and NP, where the non-proactive version of ArticulatePro’s digi-
tal assistant was used. In the non-proactive version of the system,
we simply turn off the system’s ability to proactively generate a
chart. So, in the non-proactive version, the application will only
generate charts when the users explicitly ask for one. To simplify
these conditions to the participants, the agent in the P condition
was referred to as “Arti”, and the agent in the NP condition was
referred to as “Marti”. Using these names helped the participants
differentiate between the two conditions as well as added to the
anthropomorphization of the agents.

4.1 Answering Research Question 1

To evaluate interaction for Research Question 1, we defined inter-
action metrics as:

(1) Total number of utterances
(2) Total number of task-relevant keywords spoken

To evaluate outcomes for research question 1, we defined an out-
come metric as the total number of “good utterances” that occurred
during the session. We defined the meaning of a “good utterance”
using a codebook developed with three researchers from our data
visualization laboratory. We defined a "good utterance" as reflecting
a discovery, insight, finding, or decision related to the dataset. See
Section 5.3 (Discovery Analysis) for more details.

4.2 Answering Research Question 2

To evaluate Research Question 2, we designed a semi-structured
post-interview for the participants. The interview allowed us to
gain insight on what benefits the proactive assistant had. In our
discussion, we interpreted the participants’ feedback in conjunction
with the metrics from Research Question 1 and our own observa-
tions. This allowed us to verify the insights that we gathered with
quantitative evidence that we measured.

4.3 Participants

We recruited 24 participants, grouped into dyads to form 12 groups.
The reason we chose to use dyads in the study was to foster a
comfortable and natural environment where participants could
freely interact with each other, allowing us to capture their genuine
behavior. The use of dyads was also adopted in similar studies [3, 51,
52]. Participants were aged 20 - 47, with backgrounds in Computer
Science, healthcare, and engineering. This study was approved
by an ethics board and all participants consented to participate
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in the study and be audio and video recorded. Participants were
compensated with a $30 Amazon gift card.

4.4 User Study Tasks

We used a subset of the Hawaii Climate Data Portal (HCDP) dataset,
a climate repository developed by the University of Hawaii at
Manoa [25-28]. The HCDP ? provides high-quality climate data,
including temperature and rainfall, collected from sensor stations
across Hawaii. Our subset included six months of data (Jan 1-Jun
31, 2024) from 33 stations: 3 in Kauai, 3 in Oahu, 1 in Molokai, 10 in
Maui, and 16 in Hawaii. Participants could query rainfall, temper-
ature, soil moisture, solar radiation, and wind speed. The SAGE3
board was preloaded with drought and historical fire risk images
to enhance realism.

We used HCDP for its real-world applicability, ensuring a prac-
tical data exploration scenario. Participants completed two tasks
using this dataset:

(1) Imagine you are a farmer in Hawaii looking for good agri-
cultural land to grow crops and raise cattle. Based on what
charts the digital assistant generates, identify areas that you
would consider for good agricultural land to grow crops and
raise cattle.

(2) Imagine you are responsible for planning land usage in
Hawaii for renewable energy. Based on the charts that the
digital assistant generates, identify areas in Hawaii that may
be good for wind farms and solar panel energy.

Each task was allotted 30 minutes, and participants prepared an-
swers with supporting visualizations. To counterbalance the study,
task and condition order were alternated. Task order switched ev-
ery two sessions (e.g., groups 1-2: Task 1 — Task 2; groups 3-4:
Task 2 — Task 1). Condition order followed a similar pattern: odd-
numbered groups experienced P (Arti) first, then NP (Marti), while
even-numbered groups started with NP, then P. This ensured a
balanced evaluation of task and condition order effects.

4.5 User Study Procedure

In this section, we describe the user study procedure.

Participants had individual workstations with desks, microphones,
and materials. They shared a large tiled display wall (81 x 205
inches). This setup supported natural collaboration, allowing ges-
tures, pointing, and fluid turn-taking. Only one mouse is active at
a time.

The ArticulatePro interface within SAGE3 (See Figure 1) featured
a Visualization Conveyor Belt, where charts were rendered based on
the active agent’s behavior. Participants could hover for previews
or click to open visualizations as apps on the SAGE3 board.

Participants sat 30 inches apart to ensure clear communication
for both the assistant and researcher. They wore headset micro-
phones, and the researcher introduced the study, agent, and task.
Participants were reminded to discuss observations with each other
and the assistant. After 30 minutes, they presented their solution
with supporting visualizations before switching to the next condi-
tion and task.

https://www.hawaii.edu/climate-data-portal/
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Before starting, participants completed a training session. They
were shown example charts (bar, line, scatter, box plot, and pie)
using a known car dataset [46] and practiced interacting with the
system by:

e Moving an application by clicking and dragging its window
e Resizing an application by adjusting its corners

e Panning the board by clicking and dragging the background
e Zooming in and out using the scroll wheel

e Selecting an app to interact with it

e Deleting an app

We deliberately avoided training participants on how to ask
for charts to capture their natural interactions, as Srinivasan et al.
[46] found that providing example queries can limit users to those
examples.

4.6 Participant Feedback

After the completion of both tasks, participants were asked to in-
dividually fill-out a brief questionnaire assessing their attitude to-
wards Arti and Marti. This questionnaire asked about their personal
experience with each of the digital assistants; They were asked to
rate on a scale from 1 to 5 whether the assistant was annoying when
it interjected with charts, whether the assistant produced relevant
content, and whether the assistant produced useful content. They
were also asked to choose their preferred agent, Arti or Marti.
This was followed by a joint oral semi-structured interview. Par-
ticipants were asked for their demographics (including age, major,
and experience with visualization) and were guided in providing
qualitative feedback based on their individual rates and preferences.

5 Results

This section presents the quantitative and qualitative results from
the study and their method of collection.

5.1 Total Number of Utterances

We measured the number of utterances during each session, defined
by our speech recognition module. When noise is detected, the
speech recognition starts recording. After a 1.5-second pause, the
recorded audio is transcribed. If the transcription results in written
text, it is counted as an utterance.

We examined whether participants engaged more with the proac-
tive assistant (Arti) than the non-proactive assistant (Marti), and
whether the order in which participants encountered these assis-
tants influenced their level of engagement. To do this, we conducted
a mixed two-way repeated-measures ANOVA with assistant type
(Marti vs. Arti) as a within-subjects factor and condition order
(NP—P vs. P>NP) as a between-subjects factor. The ANOVA re-
vealed a significant main effect of assistant type, F(1, 10) = 21.55,
p = .0009, indicating that participants produced significantly more
utterances when interacting with Arti than with Marti. There was
no significant main effect of order group, F(1,10) = 0.20, p = .662.
A significant interaction was found between assistant type and
order group, F(1,10) = 7.31, p = .022, suggesting that the effect
of assistant type on engagement varied depending on the order in
which participants encountered the assistants.

Given the significant interaction, we conducted sample t-test to
examine the effect of assistant type within each condition order.
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Total Number of Utterances by Session and Digital Assistant Order
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Figure 4: This chart displays the total number of utterances
for each group. The chart is separated between the two groups
P (Arti) first and NP (Marti) first. In almost every session but
2, users talked more with Arti.

Total Number of Utterances

For participants in the P>NP condition (Arti first, then Marti), a
right-tailed paired t-test showed a significant difference in utterance
counts: participants spoke significantly more to Arti (M = 274.0,
SD = 32.5) than to Marti (M = 202.0, SD = 15.3), t(5) = 4.32,
p = .008. For the NP—P condition (Marti first, then Arti), no sig-
nificant difference was found: utterances toward Marti (M = 223.2,
SD = 29.0) and Arti (M = 242.2, SD = 26.7) were not significantly
different, t(5) = 1.91, p = .059. These results suggest a strong order
effect: participants who started with the proactive assistant (Arti)
showed more verbal engagement overall, even when switching to
the non-proactive assistant. This supports the idea that early expo-
sure to proactive assistance may influence subsequent interaction
behavior and expectations.

5.2 Keyword Analysis

The keywords chosen for the keyword analysis include the dataset’s
variable names: temperature, wind, rainfall, solar, and soil. We also
included task-related keywords such as station, fire, drought, farm,
and agriculture. Based on our internal discussions in our visualiza-
tion laboratory, these keywords were deemed most relevant to the
task. By performing a keyword analysis, we can determine whether
the additional recorded utterances were relevant to the task.

Figure 5 shows the total number of keywords mentioned dur-
ing the tasks. We conducted a mixed two-way repeated-measures
ANOVA to examine the effects of assistant type (Marti vs. Arti) and
condition order (NP—P vs. P—»NP) on the number of keywords
produced. The ANOVA revealed a significant main effect of assis-
tant type, F(1,10) = 9.66, p = .011, indicating that participants
mentioned more keywords when interacting with Arti (M = 165.2,
SD = 49.9) compared to Marti (M = 126.6, SD = 31.2).

There was no significant main effect of condition order, F(1, 10) =
1.54, p = .242, and no significant interaction between assistant type
and order group, F(1,10) = 0.05, p = .824. These results suggest
that the proactive assistant (Arti) led to greater use of task-relevant
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Total Keyword Count by Session and Digital Group Order
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Figure 5: This chart displays the total number of keywords for
each group. The chart is separated between the two groups P
(Arti) first and NP (Marti) first. Similarly in the total utterance
section, users used more task-relevant keywords in almost
every session but session 2.

language across sessions, regardless of whether participants first
interacted with Marti or Arti.

5.3 Discovery Analysis

In this section, we aim to measure the outcomes of the data explo-
ration task. We defined outcomes as the number of “good utter-
ances” that occurred during the session. Defining a "good utterance"
is subjective, so we developed a code-book with three researchers
from a data visualization laboratory to establish criteria for this. To
create the code-book, we selected a random subset of utterances
from all sessions. A random subset (355 utterances, 95% CI) was
coded following standard sampling methodology.

The three researchers then met to discuss commonalities in
their definitions and agreed on the following criteria for a "good"
utterance:

"The utterance reflects a discovery, insight, finding, or decision
related to the dataset. For example, a user may indicate that a
station, area in Hawaii, or an entity (even if referred to using a
pronoun such as 'that’ or ’it’) is sufficient, lacking, or comparable
across any of the task-related variables (e.g., rainfall, temperature,
soil moisture). This criterion is based on the likelihood that such
utterances resulted from users examining a chart generated by the
digital assistant."

For simplification, we will refer to a "good" utterance as a "dis-
covery.'

Here are examples of discoveries that participants made during
the sessions:

e "I'm just gonna set solar energy, so 18. Well, 18 for highest
solar, yeah

o "The foundation 20 has a better average than 14 does. Cause
if you go—Oh yeah, there’s some lows."

o "I feel like station 20 should be a good pick. Right? But it has
lower soil moisture.”

e "The variability is lower in 23"
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e "But 21 has the highest solar and wind speed. I think we saw
that somewhere."

To qualify as a discovery, an utterance must contain enough
contextual information to be understood as conveying a meaningful
observation, insight, or decision related to the dataset. Discoveries
typically demonstrate that the user has engaged with the charts
and is making comparisons, judgments, or drawing conclusions
from the visualized data.

In contrast, non-discoveries are utterances that lack sufficient
context to be interpreted as conveying a specific finding or insight.
These utterances may refer to the task or dataset in a vague manner
but do not provide enough information to demonstrate that the
user has reached a meaningful conclusion or made an actionable
observation.

Here are examples of non-discoveries due to insufficient context:

e "So it could be used for.."
e "Rainfall for Maui stations."
e "There’s only one site"

Unlike discoveries, non-discoveries lack specific references to
variables, trends, or comparisons that would indicate the user has
drawn a meaningful conclusion from the charts. Without additional
context, it is unclear whether the user has made a relevant finding
or is simply commenting on the task.

To account for possible inaccuracies introduced by the speech
recognition system, researchers ignored minor transcription errors
when labeling utterances. Once the final codebook was established,
one researcher manually labeled all 5,500 utterances. To minimize
bias during the labeling process, utterances were randomized, and
the researcher had access only to the utterances themselves without
accompanying metadata or context from the sessions.

Total Discoveries by Session and Digital Group Order
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Figure 6: This chart displays the total number of discoveries
for each group. The chart is separated between the two groups
P (Arti) first and NP (Marti) first. In almost all sessions but
session 2, the participants made more discoveries with Arti
than with Marti.

Figure 6 shows the total number of "good utterances". As seen
in the figure, in every session except session 2, users used more
keywords with Arti than with Marti.
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We conducted a mixed two-way repeated-measures ANOVA to
examine the effects of assistant type (Marti vs. Arti) and condi-
tion order (NP—P vs. P>NP) on the number of discoveries made.
The ANOVA revealed a significant main effect of assistant type,
F(1,10) = 22.26, p = .0008, ryf, = 0.69, indicating that participants
made significantly more discoveries when interacting with Arti
compared to Marti.

There was no significant main effect of condition order, F(1, 10) =
0.22, p = .646, and no significant interaction between assistant type
and order group, F(1,10) = 0.48, p = .503. These results suggest
that the proactive assistant (Arti) substantially increased the num-
ber of discoveries participants made, regardless of whether they
encountered Arti or Marti first.

5.4 Delta Time of First Explicit Request

In this section, we observed a notable difference in how users began
their tasks between groups (P->NP) and (NP->P). Table 2 shows
the time it took users to explicitly request for their first chart after
the initial utterance.

Table 2: This table illustrates how participants who started
with Marti, were hesitant to explicitly request for their first
chart, delaying their data exploration analysis.

Session # Delta Time (m:s) Session # Delta Time (m:s)

2 1:13 1 1:08
4 1:10 3 0:57
6 3:29 5 0:28
8 0:46 7 0:24
10 2:15 9 0:59
12 1:44 11 1:02

While this may not seem like a significant finding at first, the
discussion reveals its importance in Section 6.1. We suspect that
participants had a quicker and smoother experience getting ac-
customed to the system when they started with Arti. Those who
interacted with Arti appeared to dive into their analysis immedi-
ately, whereas participants using Marti showed hesitation in getting
started.

5.5 DPost-Interview

This section presents feedback gathered from participants during
the post-interview, including their individual ratings and open
responses from the semi-structured interviews. Figure 7 shows
the individual ratings from the participants where we asked the
participants how they felt when they interacted with each digital
assistant.

5.5.1 Ratings. Here are the specific questions that we asked the
participants to rate each assistant:

(1) On a scale from 1 to 5, with 1 being “extremely annoying”
and 5 being “not annoying at all”, please rate your experience
when the Arti/Marti interjected with charts

(2) On a scale from 1 to 5, with 1 being “irrelevant” and 5 being
“very relevant”, please rate your experience when Arti/Marti
interjected with a chart.
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Ratings by Category and Preference
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Figure 7: The top 3 bars represent the participants’ feedback
on Marti and the bottom 3 bars represent the participants’
feedback on Arti. The figure indicates that users seemed to
prefer their interaction with Marti.

(3) On a scale from 1 to 5, with 1 being “not useful” and 5 being
“very useful”, please rate your experience when Arti/Marti
interjected with a chart.

We asked the participants which digital assistant they preferred,

Arti or Marti. Figure 8 shows the participants’ responses.

Total Count of Preferred Digital Assistant (DA) by Group Order
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Figure 8: This chart displays the participants’ digital assistant
preference. The chart is separated between the two groups P
(Arti) first and NP (Marti) first. Interestingly, all participants
who interacted wtih Arti first, seemed to prefer Marti. And
almost all of the participants preferred Arti when they inter-
acted with Marti first.

We indicate the division into the two by-order groups (NP->P)
and (P->NP) due to the significant order effects some of our data
indicated. Out of 24 participants, 15 preferred Marti, while 9 favored
Arti. Interestingly, 9 of the participants who preferred Arti initially
interacted with Marti first.
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5.5.2  Open-Ended Question. Although most participants preferred
Marti, those who liked Arti were predominantly from the group
that used Arti second (NP->P). We also asked participants, "If you
were to conduct a data exploration task, which digital assistant
would you choose, and why?" The responses revealed a more nu-
anced preference, with several participants expressing interest in
using both assistants. Below, we summarize the feedback into three
categories:

Participants who strictly chose Arti These participants ap-
preciated Arti’s proactive approach, noting that it provided
charts to examine while they waited for requested ones. One
participant stated, "Arti took the thinking away from the
chart generation. It kept throwing information at us, and we
could focus on what the data looks like" (s10p1) Another
mentioned that "Marti seemed like it was not generating
anything useful... Arti seemed like a faster and smarter as-
sistant." (s8p1) Participants also felt that Arti helped them
get started: "Didn’t know how to start with the system. Arti
helped familiarize the user about its capabilities." (s10p2) Oth-
ers appreciated Arti’s conversational presence: "Arti seemed
more part of the conversation... listening to what we were
saying and generating things that were relevant." (s8p2)

Participants who strictly chose Marti Some participants pre-
ferred Marti because they found Arti’s proactivity disrup-
tive, breaking their train of thought. As one participant put
it, "The charts that Arti was generating broke our train of
thought." (s3p1) Another added, "Arti was bombarding us
with charts that were irrelevant... it was too much at first
because we were getting sidetracked.” (s5p2) Others empha-
sized Marti’s pacing: "Marti gave us more time to think and
generate the chart we actually wanted." (s3p2) and "Marti
was better because it demanded less of our attention." (s7p1)

Participants who chose both A few participants expressed
a desire to work with a “toned down” (s11p1) version of
Arti. One participant noted, "I would use Arti or Marti for
different use cases. I would choose Arti if we were starting
from ground zero." (s4p2) and emphasized the need to switch
modes mid-session: "Once I get the ideas from Arti, we can
nail down what we want to actually look at" (s4p1) Another
participant elaborated on their ideal workflow: "Arti was
good for exploring, but when we’re ready to drill down, we
want Marti" (s3p2), explaining that Arti was distracting, but
able to generate more ideas. In collaborative settings, Arti
was more difficult to manage: "I didn’t like the proactive
nature of Arti. In a collaborative setting, I would work wih
Marti, but indivdually, I could work with either" (s1p1) One
participant proposed an integrated solution as a pun: "Or we
can put Arti and Marti together and have a Parti!" (s7p2)

6 Discussion

Our results section highlighted the differences in the verbal interac-
tion and outcomes when using a proactive digital assistant versus
a non-proactive one during data exploration tasks (Research Ques-
tion 1). In this section, we present our interpretation of the results
in light of Research Question 2: "What are the benefits of interact-
ing with a proactive digital assistant during data exploration?" We
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identified three key benefits when users engaged with Arti, the
proactive assistant: improved system learnability and effectiveness,
enhanced reliability of participants’ findings, and greater variability
in chart types used.

We close the section with an exploration of participants’ ac-
ceptance of proactive agents and a discussion of potential future
directions for the development of proactive digital assistants.

6.1 Improved System Learnability and
Effectiveness

The results show that participants made significantly more utter-
ances when interacting with the proactive assistant, Arti. However,
a strong order effect emerged: participants who used Marti first
spoke slightly more to Arti than Marti, but not significantly so,
while participants who used Arti first spoke significantly more to
Arti. This raises questions about whether experiencing Marti first
restricted users’ verbal engagement, whereas experiencing Arti first
encouraged freer interaction.

Regarding utterance quality, participants produced significantly
more task-relevant utterances—those containing keywords or dis-
coveries—when interacting with Arti, independent of order. This
suggests that the increase in utterances contributed meaningfully
to task performance. As participants noted (Section 5.5.2), Arti’s
tendency to proactively generate data offered more opportunities
for exploration, aligning with the concept of lateral thinking (De
Bono, 1970) [11], where exposure to new information stimulates
insight.

Our observations further suggest that participants who started
with Arti found it easier to "get started" with analysis. Arti’s proac-
tive chart generation helped participants quickly engage with the
data, even before issuing explicit requests. In contrast, participants
who started with Marti showed a notable delay: in sessions 6 and
10, participants took over 2 and 3 minutes, respectively, to request
their first chart, compared to a maximum of 1 minute and 8 seconds
for participants starting with Arti. This delay seemed to impact
users’ confidence and exploration throughout the session.

Overall, in the context of speech-assisted data exploration tasks,
proactive systems may have the potential to increase effectiveness
(by encouraging unrestricted verbal interaction) and system learn-
ability, a concept related to how users first interact with a system.
This enables users to become quickly acquainted with using the
system, allowing them to focus more on understanding the data
and task at hand.

6.2 Enhanced Reliability of Findings

The proactive assistant, Arti, excelled at presenting data in multiple
chart formats, helping users confirm or challenge their hypotheses.
For example, in session 12, participants initially misinterpreted a
box plot of rainfall in Kauai, concluding there was no rainfall. Arti
then proactively generated a scatter plot showing rainfall and air
temperature, prompting participants to re-evaluate and correct their
conclusion. This illustrates how a proactive system can stimulate
"users’ cognitive environment", as described by Sperber and Wilson
[56].

Proactive systems may thus help users gain confidence in their
findings. A similar effect was observed by Reicherts et al., who
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developed "ProberBot," a chatbot that prompted users to justify
investment decisions, leading to more deliberate and logical choices
[35]. However, Reicherts et al. also noted that excessive prompting
could bias users. Similarly, while Arti can encourage re-evaluation,
it is crucial that proactive systems remain neutral and avoid unduly
influencing users’ conclusions.

6.3 Greater Usage of Different Chart Types

Arti broadened users’ exploration of chart types. A common ap-
proach among users was to rely on a single chart type, with line
charts being the most prevalent. In session 2, participants primarily
used line charts with Marti in the first session, briefly switching to
histograms near the end. However, when they interacted with Arti
in the second session, Arti quickly generated a box plot—something
the users had not explored with Marti. They continued using box
plots throughout the session. A similar effect was observed in ses-
sion 6, where participants initially used only line charts with Marti
but explored scatter plots, box plots, histograms, and line charts
with Arti, greatly expanding their chart usage. This variety helped
participants draw more insights from the data.

In a previous study, Pins et al. examined how people interact with
home voice assistants [32]. They found that systems like Google
Assistant and Amazon Alexa are often underutilized, with users
sticking to simple commands, especially after failed interactions.
One issue is that these assistants’ capabilities are either listed in a
user manual or voiced upon request, making it difficult for users to
remember them. In contrast, a visual display can remind users of a
system’s capabilities. Our study shows the potential of proactive
systems to suggest new features, helping users fully utilize the
system’s capabilities.

6.4 Users’ Acceptance of a Proactive Assistant

We found that users did not prefer to start with the proactive assis-
tant. As shown in Figure 8, none of the participants who began with
Arti chose to continue working with it. Post-interview feedback
suggested that starting with Arti was overwhelming, as partici-
pants had to simultaneously learn how to communicate with the
assistant, coordinate with their partner, and navigate an unfamil-
iar environment. In contrast, those who started with Marti had
time to familiarize themselves with the system and data before
transitioning to Arti, making the shift smoother.

For developers of proactive digital assistants, we advise caution:
excessive proactivity early on can overwhelm users. One participant
noted that Arti was “too fast,” generating charts before they were
ready. While starting with a proactive assistant may accelerate
learning, users prefer a gentler onboarding. Future work could
explore adaptive proactivity based on user signals, building on
prior research into context-aware systems using computer vision,
sensors, and user behavior tracking [9, 12, 39].

Interestingly, users who ended with the proactive assistant also
showed signs of reduced acceptance. Participants who first used
Marti often developed workflows that persisted into the second
task, making them less receptive to Arti’s proactive suggestions.
This was particularly evident in sessions 4 and 8, where participants
stuck to their established strategies despite Arti’s input. In contrast,
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participants who started with Arti were more open to engaging
with its proactive behavior throughout the study.

6.5 Future Directions for Proactive Assistants

A future implementation that may improve the experience working
with a proactive assistant may be to separate the content of what
the proactive assistant generates and what users explicitly asked
for. The participants in session 10 mentioned that it was difficult
to differentiate between what the digital assistant generated and
what they explicitly asked for. By separating what the assistant
proactively generates and what the users explicitly ask for, the user
can either focus on their data exploration without being interrupted
by what the assistant generates. Then they are given the option to
see what the assistant generates for further exploration. Andolina
et al., question the possibility of combining proactive content and
explicitly generated search results in the same interface [3]. Our
study reveals that in the context of data exploration, having proac-
tively generated charts and explicitly generated charts in the same
interface may cause some confusion.

7 Conclusion

In this paper, we describe the implementation and evaluation of a
proactive data exploration assistant designed to generate relevant
data visualizations and support users during data analysis tasks.
Our approach was motivated by Pragmatics, which posits that ef-
fective utterances are those that are relevant to the conversation.
To our knowledge, this paper presents the first computational im-
plementation of a proactive voice assistant for data exploration.
Our findings support this theory, as users made more task-related
utterances and discoveries with the proactive assistant compared to
the non-proactive one. Additionally, our results demonstrate how
a proactive assistant can improve system learnability, enhance the
reliability of users’ findings, and increase verbal interaction with
the system’s charting capabilities. Specifically, a between-subject
design would be more suitable for thoroughly assessing the poten-
tial efficiency benefits. Interestingly, while users were more efficient
when using the proactive assistant, many expressed a preference
for less proactivity. This suggests a delicate balance between offer-
ing assistance and allowing users to maintain control over their
workflow. When the proactive assistant became too intrusive, users
tended to ignore its input in favor of their own strategies. However,
reducing proactivity too much could limit the assistant’s ability to
prompt new discoveries and guide users toward exploring more di-
verse chart types. Our findings suggest that the proactive assistant
positively impacted both task efficiency and the depth of user explo-
ration. As technology continues to advance, there is an opportunity
to refine natural language systems to more closely emulate human
communication, as described by linguistic theories like Pragmatics.
This could enable more intuitive and seamless interactions between
users and digital systems.
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