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Abstract
Natural Language Interfaces (NLIs) are emerging as an alternative
to or supplement for dashboard visualization interfaces, allowing
users to formulate queries using conversational input rather than
structured commands, and have responses provided as visualiza-
tions tailored to their query. However, despite growing interest in
both natural language and dashboard-based visualization systems,
there is limited empirical evidence from controlled user studies that
directly compare their usability, cognitive workload, and efficiency
on realistic analytical tasks in applied, real-world monitoring con-
texts. In a controlled study (N=24) we compare a chatbot-driven
visualization interface and a visualization dashboard for a set of
realistic analytics tasks in a specific applied domain (monitoring
fish farm data). While we did not find statistically significant differ-
ences in System Usability Scale (SUS) scores or task accuracy scores
between interface conditions, NASA TLX scores show significant
higher temporal demand and higher mental demand when using
the chatbot vs. the dashboard, and the chatbot yielded significantly
higher task times overall. Participant feedback indicated comple-
mentary strengths, however: overall, the chatbot was praised for
simplicity and adaptability, and the dashboard for precision and
clarity. We consider ways of integrating natural language and tradi-
tional interfaces to enhance data exploration and decision-making.

CCS Concepts
• Human-centered computing→ Human computer interac-
tion (HCI); Interactive systems and tools; Visualization.
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1 Introduction
Data visualization plays a critical role in fields that require real-
time monitoring of data, including finance, environmental moni-
toring, and healthcare. Professionals rely on visualization tools to
detect anomalies, track trends, and make timely, data-driven deci-
sions from large-scale temporal datasets. Graphical user interface
(GUI) dashboards have been the standard, offering structured work-
flows, predefined widgets, and precise control over visualization
parameters, allowing users to filter, customize, and refine data rep-
resentations. GUI dashboards support visualization techniques that
are well-suited for trend detection and comparative analysis, such
as line charts, heat maps, and moving averages. Domain-specific
dashboards combine multiple coordinated views tailored to the
workflows, analytical goals, and expertise of domain specialists,
making them effective tools for in-depth analysis of complex tem-
poral datasets. However, while dashboards are effective for targeted
analysis, they can be complex to navigate, often require significant
domain knowledge to fully comprehend, and may increase cogni-
tive load for users without dashboard interface expertise [8, 15].

With advances in artificial intelligence, natural language inter-
faces (NLIs) have emerged as an alternative, allowing users to query
data conversationally. Supported by large language models (LLMs),
these systems can interpret everyday language and generate rel-
evant visualizations [38, 45]. NLIs lower the technical barrier to
data exploration but also face challenges such as query ambigu-
ity, reduced parameter-level control, and limited transparency in
AI-generated outputs [28, 29, 37].

Although many studies evaluate NLIs or dashboards separately,
few compare them directly. Prior systems such as Eviza [37] and
Chat2VIS [29] demonstrate that natural language interfaces can
effectively translate user queries into visualizations, but they do
not provide direct usability comparisons with dashboard-based in-
terfaces. Empirical studies by Hearst et al. [15] and Setlur and Tory
[38] offer early evidence that conversational interfaces support flex-
ible and expressive data exploration, while also introducing higher
interaction effort compared to structured visual controls. However,
few studies have directly compared the effort required to iteratively
refine natural language queries versus adjusting visual parameters
to tune visualizations, particularly in real-time monitoring contexts.
In such settings, where users must rapidly adjust views under time
pressure, differences in interaction cost can meaningfully affect
efficiency, cognitive load, and decision-making. Addressing this
gap therefore requires evaluating performance, cognitive workload,
and user feedback across both modalities.

Prior work suggests that natural language interfaces can lower
barriers to data access by enabling flexible, conversational querying,
while dashboards provide precise control and efficient parameter
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adjustment through structured visual interactions. However, com-
parative studies have focused on exploratory or static analysis tasks
rather than continuous, time-sensitive monitoring [37, 39, 44]. Real-
time monitoring is distinct in that users must rapidly interpret
evolving data streams and iteratively refine visualizations under
time pressure, making interaction cost and cognitive load critical
factors. It is important to compare NLIs and dashboards in this con-
text to understand how different interaction mechanisms support
timely and accurate decision-making. In fish farming and other do-
mains, users involved in day-to-day monitoring activities typically
lack extensive training with analytical tools, making differences in
usability and cognitive effort between interaction modalities more
pronounced.

To conduct a naturalistic comparative evaluation involving real-
time monitoring, we focused on a single applied domain and val-
idated study tasks with domain experts to reflect real-world sce-
narios. This research uses live fish farming data as a representative
real-world use case. Conducted in collaboration with an interdisci-
plinary team and industry partners, the work addresses challenges
in managing complex aquaculture environments where parameters
such as dissolved oxygen, temperature, and salinity must be tracked
in real-time to ensure stock health and operational efficiency. For
this case study, we focus on users who are not data visualization
experts or data scientists, because in many applied monitoring set-
tings, the primary users of these tools are practitioners with limited
or no formal training in data analysis.

The aquaculture domainwas selected because it offers real-world,
real-time monitoring data that remains accessible enough for our
study. Our tasks focus on understandable, one-dimensional envi-
ronmental variables such as temperature, salinity, and dissolved
oxygen—variables that can be readily modelled as time series data.
This means that specialized domain knowledge is not required to
understand the data at the level required to effectively perform
the tasks. This permits us to recruit non-experts for evaluation
and facilitates comparisons between interfaces. Recruiting domain
novices reduces the influence of domain knowledge on how the
tools are used and how visualizations are interpreted. At the same
time, unlike artificial or toy datasets, the fish-farm context provides
a realistic and grounded setting. This contextual richness makes the
tasks more relatable for participants and allows them to offer more
thoughtful and experience-driven feedback. A limitation of this
choice is that we do not capture how domain experts can leverage
their knowledge to detect patterns or interpret ambiguous signals
in data. We therefore complement our findings with reflections
from domain experts on the perceived benefits and drawbacks of
each tool.

This study contributes by directly comparing an NLI-based chat-
bot and a GUI dashboard for a realistic task set involving the mon-
itoring and analysis of fish farm data. We conduct a controlled
comparative evaluation with 24 domain novices, all with limited
to no experience using data visualization dashboards or natural
language visualization tools.

We focus on usability, efficiency, and cognitive load, asking three
research questions: 1. How do natural-language and dashboard
interfaces compare in supporting the task performance of domain
novices? 2. How do domain novices perceive the usability and
cognitive effort associated with each interface? 3. What practical

strengths and weaknesses do domain novices report when using
these tools?

2 Related Work
Natural Language Interfaces (NLIs) for data visualization have
evolved rapidly, moving from early rule-based systems to neu-
ral network approaches and, more recently, large language model
(LLM)-powered tools. This section reviews themainmethodological
approaches, evaluation strategies, usability considerations, hybrid
interaction designs, and relevant work on dashboards and monitor-
ing analytics.

2.1 Natural Language to Visualization Methods
Early systems such as DataTone and Eviza used manually defined
rules and grammar-based parsing to translate user queries into
visualizations [11, 37]. These systems handled ambiguity through
interactive disambiguation but required structured phrasing and
manual rule updates. FlowSense extended this approach to dataflow
visualizations using semantic parsing [54]. Neural network-based
systems like NL4DV and LIDA introduced more flexibility by using
learned models for query interpretation [10, 34], while Data2Vis
used sequence-to-sequence learning for chart generation [9]. LLM-
based systems such as Chat2VIS, Visistant, and EvaLLM expanded
expressiveness and multilingual capabilities [22, 29, 33], while re-
cent extensions like NL4DV-LLM integrated analytic specification
prompts for better explainability [36]. Surveys highlight persistent
challenges, including ambiguity resolution, multi-turn interactions,
and balancing automation with user control [19, 39, 55].

2.2 System Evaluation Methods
Evaluation typically focuses on two aspects: model performance
and usability. Model performance is measured through accuracy,
error rates, and semantic correctness [22, 34], sometimes enhanced
with prompt engineering [7] and automated feedback loops [23].
Comparative studies of LLMs for visualization show GPT-4 outper-
forming others in code correctness but still struggling with complex
analytical queries [20]. Usability evaluations employ metrics such
as completion time, error count, and subjective ratings (SUS, NASA-
TLX) [11, 29], along with open-ended tasks to reduce phrasing bias
[43].

2.3 Usability Considerations of Chat Interfaces
NLI usability depends on user expertise, interaction style, and trans-
parency. Beginners often benefit more from guided interactions and
conversational refinement [3, 4, 6], while experts use NLIs for rapid
exploration. Explainability features, such as rule-based explanations
or natural language justifications, improve trust and understand-
ing [21, 24, 46]. Iterative and dialog-based designs [13, 16, 32, 38]
support multi-turn refinement and help manage ambiguity. These
findings suggest tailoring NLIs to diverse user needs and balancing
automation with user control, especially in real-time monitoring
contexts.



A Comparative Evaluation of Natural Language and Dashboard Visualization Interfaces for Data Monitoring Tasks GI 2026, Jan, 2026, Kitchener-Waterloo, Canada

2.4 Hybrid Interaction Models
The classic HCI debate between direct manipulation and interface
agents frames an important trade-off between user control and au-
tomated assistance, which is central to hybrid visualization systems
[40]. Hybrid systems combine NLIs with GUI controls to leverage
the flexibility of language and the precision of direct manipulation.
In such systems, natural language can also operate over the cur-
rent dashboard context, allowing users to issue situated commands
such as modifying an existing chart’s encoding, colours, or filters
rather than generating a new visualization from scratch. DynaVis
generates UI widgets from language input for iterative refinement
[49], while multimodal dashboards integrate voice and touch in-
put for improved monitoring efficiency [8]. Snowy and Voyager
guide exploration with proactive query and chart recommendations
[42, 51]. Articulate+ interprets background conversation to create
visualizations [47], and Stigall et al. advocate for chatbots as ana-
lytical partners that retain context [44]. Voice-based systems like
VOICE and ChartMimic further extend conversational modalities
into hands-free and multimodal scenarios [18, 53].

2.5 Dashboards for Real-Time Monitoring
Dashboards remain the standard tool for real-time monitoring in
domains such as environmental sensing, finance, and industrial
operations. Tools like Tableau [48], Power BI [31], and Grafana [12]
offer structured layouts, interactive controls, and persistent feed-
back, supporting quick anomaly detection and targeted analysis.
Research on dashboard design patterns [1] and domain-specific
decision support systems [14] highlights their adaptability and ef-
fectiveness. Studies such as Plume [26] and MEDLEY [35] integrate
storytelling and recommendation into dashboards, while MultiVi-
sion automates component generation from user data [52]. In this
study, dashboards serve as the baseline for evaluating NLI-based
systems.

2.6 Analytics for Monitoring and Time-Series
Visualizations

Monitoring often involves time-series data, requiring quick de-
tection of trends, anomalies, and seasonal patterns. Visualization
techniques such as line charts, heatmaps, and moving averages are
common in dashboards and increasingly supported in NLIs. Prior
work includes anomaly detection in streaming data [5], neural fore-
casting for real-time decision support [27], and interactive filtering
for multi-attribute streams [50]. In environmental and agricultural
domains, custom monitoring dashboards have been developed to
track water quality, crop growth, and aquaculture conditions [8, 14].
These studies provide methodological foundations for our evalua-
tion of dashboard and NLI-based monitoring tools.

3 Methodology
3.1 Interfaces
The experiment involved two interactive systems designed for real-
time monitoring data visualization: a GUI-based dashboard and a
chatbot-based Natural Language Interface (NLI). Both interfaces
used the same underlying dataset to ensure consistency in task
comparison.

The GUI dashboard (RealFish Pro) is a web-based application
with dropdown menus, checkboxes, and chart configuration panels,
allowing users to interact with visual elements directly [17]. Figure 1
shows the dashboard interface that was used in this study. Users
can filter data, select parameters (e.g., time range, variable), and
apply visualization options such as line charts or moving averages.

The RealFishPro dashboard includes many industry-standard
features, including line-chart panels, date-range selectors, and tabu-
lar summaries—components common across platforms like Tableau
and Power BI. RealFishPro is a fully featured tool used today in the
aquaculture industry, providing a valuable opportunity to evaluate
interaction with a real-world system, using real data. Core UI ele-
ments found in other systems were relied on for our tasks rather
than domain-specific, proprietary, or advanced features.

The NLI chatbot is a conversational interface, as shown in Fig-
ure 2, where users enter natural language queries (e.g., “Show me
the salinity trend over the past month”) [34]. The system interprets
the queries and converts them into Vega-Lite commands, generat-
ing relevant visualizations from the dataset. The underlying large
language model used in this implementation was Gemini 2.5 Pro;
however, since system response times were negligible and the study
does not aim to compare model performance, this choice is not ex-
pected to affect the overall findings. It was designed to support
flexible, quick interaction without requiring users to understand
visualization tools or terminology.

Among available NLI systems, NL4DV-LLM was chosen because
it is a state-of-the-art tool, open-source, and easy to integrate with
custom datasets [36]. NL4DV-LLM offers a transparent and modular
design, supports multi-attribute queries, and is well-documented,
making it a practical and research-aligned choice for our experimen-
tal setup. Our work provides an evaluation of the tool from an HCI
and usability perspective, which is lacking in prior research [34].
Data from the fish farming dataset was extracted in CSV format
and integrated into NL4DV-LLM before each trial to ensure that
study participants worked with live data.

3.2 Task Design and Assignment
To evaluate the usability of the dashboard and the natural language
interface (NLI), we developed two sets of 10 tasks, each represent-
ing realistic data monitoring and analysis activities in a fish farm
context. Each participant interacted with both interfaces but was
randomly assigned to one of the two task sets per interface to
minimize bias from repetition and memorization. The task set was
validated with domain experts to ensure that it reflected realistic an-
alytical and monitoring practices while remaining comprehensible
and achievable for domain novices.

Tasks were structured to reflect a range of demands. They varied
along several dimensions:

• Parameter scope: single-variable tasks versusmulti-variable
comparison tasks.

• Focus type: trend analysis, threshold-based filtering, and
extreme value identification (e.g., maximum or minimum).

• Spatial dimension: some tasks required location- or depth-
specific reasoning.

Below, we provide representative examples illustrating how one
could use both the dashboard and the NLI interface to complete
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Figure 1: GUI-based dashboard interface for real-time fish farm monitoring [17]

Figure 2: Chatbot-based Natural Language Interface [34]

various monitoring and analysis tasks. The solution approaches
model those taken by someone with tool expertise.

3.2.1 Single-Parameter: Trend or Threshold. Example: Does the
Temperature (°C) decrease throughout Jan 7?

Dashboard expert approach: The user filters the time range to “Jan 7”
and selects “Temperature (°C)” from the parameter list to visualize
changes over the day.
NLI expert approach: The user types “Show the temperature trend
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for Jan 7.” If the response is unclear, they may follow up with “Add
a trendline.”

3.2.2 Multi-Parameter: Relationship Analysis. Example:When Dis-
solved Oxygen (%) increases, does Salinity decrease on Jan 7?
Dashboard expert approach: The user overlays both “Dissolved Oxy-
gen (%)” and “Salinity (PSU)” on the same line chart and checks if
increases in oxygen align with decreases in salinity.
NLI expert approach: The user asks “Plot Dissolved Oxygen (%)
and Salinity for Jan 7 on the same chart” and may follow up with
“Highlight regions where DO increases and Salinity decreases.”

3.2.3 Extreme Values: Maximum or Minimum Detection. Example:
What is the minimum Salinity recorded on Jan 7, and where does it
occur?
Dashboard expert approach: The user filters for Jan 7, inspects the
line chart, and hovers to find the minimum value and corresponding
location in the tooltip.
NLI expert approach: The user types “What is the lowest Salinity
(PSU) recorded on Jan 7 and at which location?”

3.3 Study Design
The study employed a within-subject design, where each partici-
pant used both the GUI dashboard and the NLI chatbot. The order of
interface exposure was randomized to minimize potential bias and
learning effects. Participants completed the same number and types
of tasks using both interfaces (similar tasks in each task set typi-
cally differed in terms of the dates, sensors, or attributes involved),
allowing for a direct comparison of performance between interac-
tion methods. Task set assignment was balanced across interface
conditions.

3.4 Participants
A total of 24 participants (12 female, 12 male) were recruited for the
study, a sample size commonly used in controlled within-subject
HCI studies to ensure sufficient statistical power while maintain-
ing feasibility. Participants were aged between 21 and 38 years
(𝑀 = 27.9, 𝑆𝐷 = 4.6). All participants were students from varying
academic majors with at least basic computer literacy and some
familiarity with data visualization tools. Participants had no prior
experience with NL4DV interfaces or fish farm data.

3.5 Tasks and Scenarios
The study employed two sets of ten tasks each. Each task was
based on real-world data exploration scenarios. Tasks required
participants to extract insights from real-time monitoring data,
such as identifying recent trends and anomalies, and conducting
comparative or temporal analyses. The tasks were designed to have
different levels of complexity, ranging from simple fact retrieval
(e.g., identifying peak values) to more complex analytical queries
(e.g., comparing multivariate trends over time). The task design
was informed by established evaluation strategies from prior work,
particularly the task-framing methods outlined by Srinivasan and
Stasko [43], by defining tasks around common analytical intents
such as lookup, comparison, and trend identification, and varying
task complexity to enable fair comparison across interfaces. Task
sets were directly comparable: each task in one set had a counterpart

in the other. In the presentation of results, tasks are numbered
T1-T10; these numbers refer to the "counterpart" pair of tasks in
each set. The assignment of task set to interface condition was
counterbalanced.

3.5.1 Task Validation. The experimental tasks were designed in
collaboration with a Fish Tracking Application Scientist at Inno-
vasea (an expert user of the RealFishPro dashboard) to ensure that
they reflected typical monitoring workflows, including trend detec-
tion, correlation checks, and value lookups. In a validation session,
the same expert completed all tasks using the chatbot interface to
confirm that the task sets and chatbot interaction design aligned
with expectations.

3.6 Procedure
After giving informed consent, participants engaged in two in-
terface conditions (Dashboard, Chatbot, counterbalanced order).
Within each condition, participants completed three phases: video
tutorial and practice session, task execution, and post-condition
questionnaires. After both conditions, a semi-structured interview
was conducted.

In the first phase of each interface condition, participantswatched
a tutorial video specific to that interface to familiarize themselves
with its functionalities. Following the video tutorial, they engaged
in a short practice session to interact with the interface before at-
tempting the experiment tasks. This ensured that all participants
had sufficient understanding and comfort with both interaction
methods before data collection commenced. To mitigate learning
effects on experiment task performance, every participant also com-
pleted a five-minute guided tour and two warm-up tasks using
the interface before phase two began. In phase two, participants
completed a set of 10 tasks using the interface. Task order was
randomized, and a 180-second time limit was imposed for each task.
In phase three, we administered the System Usability Scale (SUS)
to measure perceived usability, the NASA Task Load Index (NASA-
TLX) to evaluate cognitive workload, and a custom questionnaire
(see Table 1).

3.7 Evaluation Metrics
The effectiveness of the GUI dashboard and NLI chatbot was as-
sessed using a combination of quantitative and qualitative metrics.

Task completion time was recorded to evaluate the efficiency of
each interface in facilitating analytical workflows. System response
times for both interfaces (dashboard rendering and NLI query ex-
ecution) were consistently fast and considered negligible relative
to user interaction time; therefore, latency was not included as a
separate evaluation factor. In addition, task completion rate was
recorded based on the proportion of participants who completed
each task within the defined 180-second time limit. Task correctness
was evaluated by verifying the accuracy of user responses against
the dataset they used.

Cognitive load was assessed using the NASA-TLX questionnaire.
Usability was assessed using the System Usability Scale (SUS) ques-
tionnaire.

Paired-samples t-tests were used for continuous outcome mea-
sures when the assumptions of the test were appropriate. Specifi-
cally, we verified that observations were paired within participants,
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Figure 3: Boxplot of SUS scores for the Chatbot and Dash-
board interfaces. Boxes show the interquartile range, hori-
zontal lines indicate medians, whiskers show the non-outlier
range, and points indicate outliers. Interface differences were
assessed using a paired-samples t-test; no significancemarker
is shown because the difference was not statistically signifi-
cant.

that the dependent measures were continuous, and that the within-
participant differences were approximately normally distributed
using Q-Q plots and Shapiro-Wilk tests. For ordinal questionnaire
items, or where parametric assumptions were not appropriate, we
used Wilcoxon signed-rank tests. McNemar tests were used for
paired binary task-completion outcomes. Corrections for multiple
comparisons were applied where appropriate.

4 Results
4.1 Usability Scores and Task Performance
To assess overall usability differences, the System Usability Scale
(SUS) scores were compared between the chatbot and dashboard in-
terfaces. A paired-samples t-test was conducted to compare System
Usability Scale (SUS) scores between the chatbot and dashboard
interfaces. The analysis did not provide evidence of a statistically
significant difference in usability scores between the two interfaces,
𝑡 (23) = 0.18, 𝑝 = 0.86. SUS scores were treated as approximately
normally distributed after checking the distribution of paired differ-
ences using Q-Q plots and Shapiro-Wilk tests, consistent with prior
HCI studies reporting comparative usability results. The boxplot
representation of SUS scores (Figure 3) illustrates a similar distribu-
tion, with overlapping interquartile ranges, though the chatbot in-
terface exhibited slightly less variability. Additionally, two outliers
in the dashboard scores suggest that some participants experienced
difficulties. These results suggest that participants gave broadly
similar usability ratings to both interfaces, while individual user
experiences varied, individual user experiences varied, particularly
for the dashboard, which had a broader range of responses.

Figure 4: Boxplot of task correctness scores for the Chatbot
and Dashboard interfaces. Scores represent the percentage
of correctly completed tasks per participant. Boxes show
the interquartile range, horizontal lines indicate medians,
whiskers show the non-outlier range, and points indicate
outliers. Interface differences were assessed using paired
statistical comparisons; no significance marker is shown be-
cause significance results are reported in the text.

4.2 Task Correctness and Efficiency
To evaluate task accuracy, correctness scores were analyzed for both
interfaces. The boxplot comparison of correctness percentages (Fig-
ure 4) shows that users achieved similar accuracy when completing
tasks using the chatbot and dashboard interfaces. A paired-samples
t-test was conducted to compare correctness between the two condi-
tions. The results indicated no significant difference in correctness,
𝑡 (23) = −0.2955, 𝑝 = 0.7704, suggesting that despite differences in
interaction styles, users were able to obtain correct responses with
comparable reliability in both systems.

For each interface, we consider the proportion of participants
who completed each task within the 180-second time limit, based
on the recorded completion logs and task completion times. Overall,
participants were more likely to complete tasks within the time
limit when using the dashboard interface. When pooled across all
tasks, the dashboard yielded a higher completion rate (87.7%) than
the chatbot (70.5%).

At the task level, completion rates were consistently higher for
the dashboard on most tasks, with particularly large differences
observed for T3 and T6 (both 100.0% for the dashboard vs. 59.1% for
the chatbot). PairedMcNemar tests indicated statistically significant
differences for T3 and T6 after correction for multiple comparisons
(𝑝 = .004); no other significant differences were found.

4.3 Task Completion Time
Task completion times were analyzed for all fully completed tasks.
A paired t-test comparing mean completion times across all tasks
revealed a significant overall difference between the chatbot and
dashboard interfaces, 𝑡 = 4.34, 𝑝 = .0025, 𝑑𝑧 = 1.45, 95%, indicating
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Figure 5: Task completion rates for the Chatbot and Dash-
board interfaces across the ten study tasks. Bars show the
proportion of participants completing each task within the
180-second time limit. Task-level differences were assessed
usingMcNemar tests for paired binary completion outcomes;
no significance markers are shown because corrected signifi-
cance results are reported in the text.

that participants generally completed tasks faster using the dash-
board. To identify which specific tasks contributed the most to this
effect, separate paired t-tests were conducted for each task (T1–T10)
with Bonferroni corrections applied to control for multiple com-
parisons (𝛼Bonf = .005). After correction, three tasks (T3, T6, T7)
showed significantly lower completion times, while other tasks did
not reach statistical significance.

4.4 Cognitive Load (NASA-TLX) Analysis
Cognitive load was assessed using the NASA Task Load Index
(NASA-TLX), comparing the perceived effort required when using
each interface. Paired t-tests were conducted across the six NASA-
TLX dimensions with Bonferroni correction applied (𝛼Bonf = .0083).
The chatbot interface yielded higher temporal demand (𝑡 = 2.96, 𝑝 =

.0072) than the dashboard, in line with the task time results. While
there were higher NASA-TLX scores for the chatbot across multiple
dimensions, as illustrated in Figure 6, no other differences were
significant after correction.

4.5 Post-condition Questionnaires
After each interface condition, participants answered a custom set
of ordinal questions to capture their perceptions and preferences.
Each participant responded to the same set of questions for both
interfaces, allowing for direct comparison. The questions are shown
in Table 1.

The distribution of ordinal responses across seven paired ques-
tions reveals notable contrasts between the Chatbot and RealFish-
Pro (Dashboard) interfaces (see Figure 7). In general, the Dashboard
interface received higher proportions of favourable ratings (scores

Figure 6: Mean NASA-TLX workload scores for the Chat-
bot and Dashboard interfaces across six workload dimen-
sions: mental demand, physical demand, temporal demand,
perceived performance, effort, and frustration. Bars show
mean scores for each dimension. Interface differences were
assessed using paired comparisons with correction for multi-
ple comparisons; no significance markers are shown because
corrected significance results are reported in the text.

Table 1: Custom Questionnaire for Chatbot and Dashboard
Interfaces

Q1 How clear were the visualizations in the interface?
Q2 Did the visualizations in the interface accurately repre-

sent the data?
Q3 How helpful were the interface visualizations in under-

standing the data?
Q4 Did the interface visualizations give enough detail for

your analysis?
Q5 How visually appealing were the interface visualiza-

tions?
Q6 How satisfied were you with the interface for visualiz-

ing data?
Q7 How likely are you to use the interface again for data

visualization?

4-5). For instance, Q1 (Dashboard) shows a greater concentration in
the top two categories (91%) compared to Q1 Chatbot (61%), indicat-
ing that more participants found Dashboard visualizations clearer.
In contrast, the Chatbot interface displayed a wider spread across
mid to lower scores, suggesting a more mixed perception.

PairedWilcoxon signed-rank tests were conducted for each ques-
tion. After Holm correction for multiple comparisons, statistically
significant differences favouring the Dashboard were observed for
Q1 (clear visualizations), Q2 (accurate data representation) and Q4
(sufficiently detailed) (all 𝑝 < .05), while the differences for the
remaining items did not reach statistical significance.

4.6 Thematic Analysis
To conduct the thematic analysis, we collected user responses from
three sources: open-ended questions for both interfaces, interview
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Figure 7: Distribution of responses to the custom paired Lik-
ert questionnaire for the Chatbot and Dashboard interfaces.
Stacked bars show the percentage of responses for each or-
dinal score from 1 to 5, where higher scores indicate more
favourable ratings. Interface differences were assessed using
Wilcoxon signed-rank tests for paired ordinal responses; no
significance markers are shown because significance results
are reported in the text.

transcripts, and verbal feedback recorded during the study. We re-
viewed each comment to understand its content and identify which
broad topic it related to. Comments that conveyed similar concerns
or ideas were grouped together, and, through several iterations,
we refined these groupings by analyzing their relationships. With
each round of analysis, we updated and reorganized the structure,
gradually developing a hierarchical tree that reflected thematic
clusters and their internal logic. This process ensured a data-driven
understanding of user feedback.

The iterations resulted in the following main categories and
sub-categories:

A. Interactivity and Fine-Grained Control.
Participants described interactivity as two complementary strengths
that are not yet balanced. The chatbot offers broad control—one
participant noted that “all control of parameters and graphs [was]
in my control” (P17)—but this freedom often stops at fine-grained
actions such as zooming, adjusting time intervals, or changing
axis settings. The dashboard, meanwhile, supports pinpoint detail
through direct interaction with data points; as P15 described, they
“just hovered over the line and found the highest salinity at specific
time and depth easily,” although fixed controls can limit certain
adjustments and require additional filtering steps.

The subthemes show that users use dashboards when they need
precise values and quick clicks, and they use the chat interface
when they want to explore and compare ideas. Yet they still ask for
easier controls, clearer graphics, and faster replies overall.
A.1 Retrieving Specific Details
Participants drew a clear line between precision and flexibility, gen-
erally preferring the dashboard when they needed exact numbers,
and the chatbot for custom comparisons. For example, P6 noted
that “When one is interested in specific values such as minimum or
maximum, GUI is more effective.” Several participants also reported

Figure 8: Bottom-up thematic map showing the hierarchical
structure of codes and themes derived from user feedback.
The analysis began from raw comments and iteratively iden-
tified groupings, subthemes, and their relationships, even-
tually forming high-level themes such as Interactivity and
Fine-Grained Control, UI Layout, Ease of Use.

difficulty retrieving exact values from the chatbot and emphasized
that successful outcomes often depended on prompt wording and
refinement, with one participant noting that ambiguity in phrasing
could lead to incorrect or incomplete results (P1).
A.2 Multiple Queries, Specificity, and Output Quality
Participants described the chatbot’s conversational flow as flexible
for refining visualizations in real-time, but often requiring multiple
prompts, which made longer tasks tiring (P3: “have to ask many
questions to reach your goal”).When querieswere simple, responses
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were generally accurate and quick, but precision-oriented tasks
were perceived as more reliable in the dashboard. Participants also
noted readability issues in generated charts, and several reported
that repeatedly typing prompts was slower than using dashboard
controls for routine tasks (P20).
A.3 Selection, Parameter, and Legend Controls
Participants valued the dashboard’s ability to toggle lines, choose
parameters, and use legends for filtering, but found these controls
increasingly cumbersome with larger datasets. While hiding lines
for comparison was praised—P19 noted that “the lines can be hid-
den for users to compare the specific data”—deselecting multiple
items required too many clicks and lacked bulk actions such as
“select all” or “reset.” Participants suggested clearer grouping, per-
sistent menus, and style adjustments to handle dense charts more
efficiently.
A.4 Responsiveness (time)
Participants agreed that speed shapes their experience, noting that
fast responses supported smooth interaction, while delays disrupted
task flow. For example, P13 reported that it “took some 10–20 sec
to load data,” which broke interaction flow. Participants observed
latency in loading or rendering for both tools and highlighted the
overhead of typing prompts in the chatbot compared to clicking
dashboard controls. They suggested reducing latency and providing
clearer feedback during loading and error states.

B. UI Layout.
The dashboard looks polished, and the chatbot appears clean, yet
crowded visuals and small layout issues still reduce clarity. Across
subtopics, participants asked to reduce clutter, improve supporting
tables, and include more in-context guidance.
B.1 Dashboard UI Layout
Participants praised the dashboard’s polished appearance and single-
screen view, but reported that crowded charts and dense multivari-
ate plots sometimes obscured key details. For example, P6 noted
that having “all visuals on one screen” supported exploration, yet
others described the displays as “clustered” (P4) when many vari-
ables were shown. While participants valued the accuracy of the
data and supporting tables, they requested better placement of sum-
mary tables, clearer labels, and improved filtering to reduce visual
overload and support faster comparisons.
B.2 Natural Language UI Layout
Participants praised the chatbot’s clean, minimalist design for low-
ering the entry barrier and keeping interactions straightforward.
For example, P18 described it as “very easy to use. No complicated
syntax,” and P6 noted that the simple visuals “did not intimidate
me.” However, clarity sometimes broke down once results appeared,
with participants reporting dense charts, confusing legends, and mi-
nor visual bugs. As a result, participants requested more in-context
guidance, such as auto-complete suggestions, clarification ques-
tions for ambiguous input, and clearer feedback during errors or
delays.

C. Ease of Use and Effectiveness (general comments).

C.1 Dashboard ease of use, effectiveness (general comments)
Participants judged the dashboard largely effective, highlighting
familiar workflows, strong controls, robust functionality, and clear
visuals. For example, P8 described it as “easy to understand on your

own and not at all mentally demanding,” and P6 emphasized its
visual clarity, noting “Clarity . . . Pleasing to the eye.” Participants
also valued its capability and control; P20 reported, “I was able to
answer the 10th question . . . which I couldn’t do with the chatbot,”
underscoring the dashboard’s effectiveness for more demanding
tasks.

At the same time, participants noted areas for improvement, par-
ticularly around defaults and data loading. Some reported missing
selected trends initially or experiencing friction during loading,
suggesting that smoother loading behavior and smarter default
settings could further reduce effort and improve efficiency.
C.2 Chatbot ease of use, effectiveness (general comments)
Participants largely agreed that the natural-language interface feels
easy and helpful due to its user-friendly design, quick learning
curve, and familiar chat-based interaction style. For example, P11
described it as “very intuitive,” and P21 noted that it “saves so much
time, doesn’t take much to learn how to use it,” highlighting the low
barrier to entry and alignment with everyday interaction habits.

At the same time, some participants reported limitations in depth
and polish. Several felt the interface was less equipped for complex
or highly specific queries, with P14 noting that it “just needs more
humanization” and was “still less equipped & less helpful overall,”
suggesting that ease of use does not always translate into sufficient
analytical power.

D. Expert vs Novice Perception.
Participants expressed mixed views on how expertise influenced
interaction with the two interfaces. Some perceived the natural-
language tool as more welcoming to novices; for example, P1 noted
that it “can help unquantified people work as data analysts and
do EDA.” By contrast, the dashboard was often seen as requiring
prior technical knowledge, with P15 describing it as “made for
more technical people” because users need to “understand every
component.”

However, participants also cautioned that the natural-language
interface does not fully eliminate the need for expertise. P16 re-
marked that it “felt like not for beginners to read all the data,”
suggesting that both systems still assume some familiarity with
data analysis concepts and would benefit from stronger guidance
and onboarding.

E. Suggested Extra Features.
Participants suggested additional features to reduce friction once
basic tasks felt easy. A fast search box was frequently mentioned to
enable quicker parameter access; for example, P5 proposed “adding
a searching field to find the needed parameters faster.” Others high-
lighted hands-free interaction, with P14 suggesting a voice interface
for situations where users cannot easily interact with the screen.
Participants also requested more customization options, including
additional chart types, to better tailor visual outputs to their needs.

4.7 Expert Feedback Session
We conducted a live detailed run-through of the study tasks us-
ing the NLI chatbot prototype with six Innovasea stakeholders.
During this process, the experts provided task-specific feedback,
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highlighting cases where queries were easy to complete and visual-
izations were clear, as well as situations where interaction limita-
tions emerged, such as difficulties comparing closely related values,
splitting data at the desired temporal granularity, or displaying
multiple variables simultaneously.

The experts also suggested practical improvements, including
clearer onboarding, the inclusion of example prompts, support for
table-based output, and simplified interface layouts to reduce initial
complexity. Collectively, this feedback reinforces many of the study
findings. Finally, they noted that NLI integration into dashboard
interfaces aligns with current industry trends, citing Yellowfin BI
within the Farm360 platform as an example.

Overall, the expert feedbackwas not used as a separate evaluative
dataset, but as contextual validation that the participant findings
reflected practical monitoring concerns, particularly around on-
boarding, output clarity, comparison tasks, and the potential value
of integrating NLI capabilities into existing dashboard workflows.

5 Discussion
This study examined how a Natural Language Interface (NLI) and
a GUI-based dashboard support real-time monitoring tasks, com-
bining quantitative measures with qualitative feedback from both
end-users and domain experts. While the analysis did not show
statistically significant differences in usability ratings or task ac-
curacy, they did so through distinct interaction styles, each with
corresponding strengths and weaknesses.

The dashboard’s fixed controls, hover-to-inspect features, and
persistent visual context allowed participants to complete tasks
more quickly and with lower mental demand. These patterns mir-
ror the efficiency benefits of direct manipulation reported by Setlur
et al. [38] and demonstrated in systems such as DataTone [11] and
LIDA [10]. By externalizing query structure and offering stable
controls, the dashboard reduced the need for extensive cognitive
planning, which is particularly important in time-critical monitor-
ing.

In contrast, the chatbot supported open-ended exploration, en-
abling participants to combine attributes, pose follow-up ques-
tions, and change perspectives without navigating multiple panels.
This flexibility reflects the conversational strengths described in
Eviza [37], FlowSense [54], and Snowy [42]. However, such freedom
can shift interaction costs to linguistic planning and iterative clari-
fication, as cautioned by Srinivasan and Stasko [43]. In this study,
vague or overly specific prompts sometimes produced incomplete
or incorrect outputs, requiring rewording and multiple attempts,
echoing similar challenges identified in Chat2VIS [29].

Quantitative measures reinforced these trade-offs. Robustness
analysis indicates that the chatbot as implemented is not great for
tasks that involve multiple comparisons. When incomplete tasks
are capped at the maximum time limit, significant differences in
tasks levels are observed for tasks involving multiple comparison.
Although SUS scores did not differ significantly—similar to the
results of Bhattacharya et al. [2]—NASA-TLX scores showed that the
chatbot required greater mental and temporal effort. This suggests
that evenwith domain-specific schema hints, NLIs may still struggle
to match the efficiency of direct manipulation for rapid, precise
queries. This pattern is consistent with previous work suggesting

that beginners often benefit more from guided interactions and
conversational refinement, whereas expert users tend to leverage
NLIs for rapid exploratory analysis [3, 4, 6]. It is important to note
that learnability and familiarity effects were not explicitly measured
in this study; since the evaluation was conducted in a single-session
setting, longer-term adaptation and skill development with either
interface may influence performance but are outside the scope of
this work.

Thematic analysis provided more context for these findings. The
dashboard was valued for “trustworthy detail” (P6), “one-click com-
parisons” (P18), and “seeing everything at a glance” (P3), while the
chatbot was described as a “quick teammate” for exploratory checks
and ambiguous starting points (P20). Seven participants explicitly
recommended a hybrid approach: use the chatbot to create or adjust
a visualization, then refine it with dashboard controls (e.g., P9, P14,
P21). This aligns with the design direction of hybrid systems like
DynaVis [49] and multimodal workspaces described by León et
al. [25].

Taken together, these qualitative findings indicate that partic-
ipants perceived the dashboard and chatbot as complementary
rather than competing tools for real-time monitoring.When pushed
beyond their respective strengths, both modalities introduced fric-
tion: dashboards became cumbersome as the number of variables
increased (P11), while chat-based interaction required repeated re-
finement when prompts were ambiguous or outputs lacked clarity
(P1, P23), consistent with limitations noted in prior conversational
visualization work [29, 43]. These observations reinforce the need
for hybrid designs that combine conversational flexibilitywith struc-
tured visual controls to better support time-sensitive monitoring
tasks [49].

The group validation session with six Innovasea stakeholders
pointed to the industry relevance of these findings. NLI integra-
tion into dashboards aligns with industry trends, with SMEs citing
their adoption of Yellowfin BI in the Farm360 platform. They em-
phasized that conversational tool adoption is still in early stages,
making studies like this critical for understanding workflow fit
and trust. Their practical suggestions for improving the NLI in-
terface—sample prompts, better onboarding, and simplified lay-
outs—closely matched participant feedback, underscoring the value
of blending conversational freedom with structured controls.

5.1 Limitations
Several limitations should be considered when interpreting these
results. The evaluation compared only one NLI (NL4DV) and one
commercial dashboard (RealFishPro). As shown in Chen et al. [7],
different implementations can yield varied usability outcomes. The
study was conducted in a controlled lab setting with predefined
tasks, ensuring comparability but not capturing long-term adap-
tation, trust development, or response to unplanned events [32].
While participants came from diverse analytical backgrounds, the
absence of complete novices or frontline operational staff limits
generalizability to all potential user groups [30].

5.2 Future Work
Future research should evaluate multiple NLIs, including LLM-
based systems [41], and a variety of dashboard designs to assess
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whether these findings generalize beyond aquaculture monitoring.
Longitudinal field studies would help capture learning curves, trust
calibration, and sustained usage patterns in operational settings.
Hybrid designs that allow seamless switching between conversa-
tional and GUI modes—such as initiating a chart through natural
language and refining it with direct manipulation—should be pro-
totyped and tested, given strong user and expert support for this
approach. Additionally, improvements to NLI capabilities, includ-
ing better handling of precise queries, enhanced error recovery,
and richer domain adaptation, could reduce cognitive load and
make them more competitive with dashboards in time-sensitive
environments.

6 Conclusion
This study compared a Natural Language Interface (NLI) and a
GUI-based dashboard for real-time monitoring of time-series data,
combining controlled usability testing with thematic analysis and
expert validation. While the analysis did not provide evidence of
statistically significant differences in task accuracy or usability
ratings, the dashboard excelled in speed, precision, and lower cog-
nitive demand, and the chatbot offered greater flexibility for ex-
ploratory and open-ended queries. These results, consistent with
prior research, demonstrate that each modality addresses differ-
ent user needs and that hybrid approaches could harness their
complementary strengths. Expert feedback confirmed the opera-
tional relevance of this finding, highlighting industry interest in
conversational tools but also the current challenges of adoption and
integration. By situating these insights within real-world monitor-
ing workflows, the study contributes evidence-based guidance for
designing multimodal systems that balance conversational freedom
with the efficiency of direct manipulation.
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