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Bar Chart

When I     Click    on the     Bars    ,

Show a tooltip with the value

(a) Highlight corresponding code segment

(b) Direct manipulation of chart components

(c) Interaction specification by demonstration

  const barLayerNames = ["sun","rain","drizzle","fog","snow"];
  const colorMap = new Map(barLayerColors.map(d => [d.key, d.color]));
  
  svg.append('text')
    .attr('x', (width + margin.left + margin.right) / 2)
    .text('Bar Chart');

  const x1Scale = d3.scaleBand()
    .domain(barLayerNames)
    .range([0, xScale.bandwidth()]);










Figure 1: Overview of DirectVis. (a) Selecting chart elements highlights corresponding code segments. (b) Users directly manipu-
late chart components (e.g., dragging and resizing bars) to refine values and transform structures, with synchronized code updates.
(c) Users specify interactive behaviors (e.g., tooltips) by demonstrating them directly on the visualization.

ABSTRACT

Visualization authoring novices often rely on large language model
(LLM)-supported tools for code-based chart editing. However, it
can be difficult for novices to precisely articulate what to change
and how in natural language, which can make chart editing inef-
ficient; e.g., requiring multiple rounds of iterative revisions. To
address this problem, we propose DirectVis, a visualization editing
system that integrates direct manipulation with code-based editing.
Using DirectVis, users can clarify how a visualization should be
edited by directly manipulating chart components. This interaction
can be interpreted as users’ demonstration of their intended edits
to the system. A user study verifies that our system facilitates the
precise delivery of user intent, thereby improving the efficiency of
chart editing compared to natural-language-based systems. Based
on our findings, we derive design implications for future visualiza-
tion editing tools.

Index Terms: Visualization editing, direct manipulation

1 INTRODUCTION

Code-based visualization frameworks [2, 19, 21] provide the ex-
pressivity and flexibility required to develop highly interactive and
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customizable charts. Large language models (LLMs) have democ-
ratized this process by allowing users to specify high-level require-
ments in natural language, streamlining tasks such as specifying
chart types and mapping data to visual channels.

However, iterative refinement remains a major bottleneck when
editing existing visualizations. Users should ground their editing
intent—what to change and where—into either code or natural lan-
guage. Yet LLM-generated code lacks explicit correspondence to
visual elements, making it difficult to identify which segments con-
trol target chart components. Meanwhile, natural language is of-
ten ambiguous for precise, fine-grained adjustments. Furthermore,
LLM-based editing provides little immediate visual feedback, forc-
ing users to mentally simulate code execution. This leads to unin-
tended outcomes and inefficient trial-and-error cycles.

To address these challenges, we propose DirectVis, a system that
integrates direct manipulation into code-based visualization editing.
DirectVis renders chart components as interactive objects, enabling
users to click, resize, and drag them. The system interprets these
interactions as chart modifications and provides immediate visual
feedback.

Users can select any chart element by clicking on it to imme-
diately highlight its corresponding code snippet, enabling users to
perform targeted manual code edits. Besides interactive selection,
the system supports intuitive reconfiguration. For example, drag-
ging bars onto other bars in a grouped bar chart converts it to a
stacked chart, while resizing a bar’s height automatically recali-
brates the y-axis scale. These direct manipulations update the un-
derlying code while preserving visualization integrity. Users can
also specify interactions by demonstration rather than textual de-
scription. DirectVis parses demonstrated actions into structured in-



teraction intents (e.g., hovering over bars) and allows users to spec-
ify the system response in natural language. By providing imme-
diate visual feedback for every interaction, DirectVis keeps users
aware of changes, eliminates the need for mental code simulation,
and streamlines the refinement process.

We evaluated DirectVis through a user study comparing it to a
baseline natural language prompting interface. Participants were
asked to refine an initial chart with code to match specific target
designs. Participants achieved higher task completion rates with
reduced completion times and fewer iterations. These findings con-
firm that DirectVis enables more effective and efficient refinements
than natural language prompting alone.

In summary, we make three contributions: (1) DirectVis, a sys-
tem that integrates direct manipulation for editing code-based vi-
sualizations; (2) an evaluation demonstrating that DirectVis effec-
tively conveys user intent and improves efficiency compared to
natural-language prompting; and (3) design implications for com-
bining generative AI with direct manipulation in visualization edit-
ing systems.

2 RELATED WORK

In this section, we review related work in three areas: code-based
visualization authoring, direct manipulation interfaces, and natural
language-based visualization systems.

2.1 Code-Based visualization authoring tools

Code-based visualization authoring is largely grounded in the
grammar-of-graphics paradigm, which models visualizations as
compositions of data transformations and visual encodings [31].
Low-level libraries such as D3 [2] expose expressive graphical
primitives that enable highly customized visualizations, however,
they require users to manually manage many implementation and
styling decisions [1]. Declarative grammars such as Vega raise the
level of abstraction by letting users specify visual intent through
structured specifications compiled into rendering pipelines [19, 20,
21, 7]. Subsequent work proposed higher-level, code-centric work-
flows to better support authoring and refinement in programmatic
pipelines [32, 34].

Despite these advances, post-hoc refinement in code-based
workflows often remains cumbersome: users must locate and edit
the right variables inside nested specification structures, and debug-
ging can be difficult when the mapping between specification and
rendered output is not transparent. Our work targets this refine-
ment gap by enabling direct manipulation of visualization prop-
erties while preserving the expressiveness and flexibility of code-
based authoring.

2.2 Direct manipulation for visualization authoring

Direct manipulation [24] reduces the gulf of execution [14] by al-
lowing users to interactively bind data to visual marks without writ-
ing code [18]. These tools range from shelf-based systems that
use drag-and-drop metaphors for mapping data variables to visual
channels [10, 12, 29] to systems supporting interaction authoring
by demonstration and bespoke layout construction through inter-
active constraint-based design [16, 33]. Beyond authoring tools,
prior work has examined direct manipulation of graphical encod-
ings [17], spatial constraints for manipulating static visual out-
puts [9], and dynamically interactive visualizations derived from
static charts [26]. In contrast, our work integrates direct manipu-
lation with LLM-supported natural language editing to refine the
visualization source code.

2.3 Natural language interfaces for visualization

Natural Language Interfaces (NLI) seek to democratize visualiza-
tion authoring by translating user utterances into formal analytic

specifications and visual outputs [5, 13, 22, 23, 27, 28]. Recent ad-
vancements in LLMs have further accelerated this process, enabling
the rapid generation of complex visualization code from high-level
descriptions [4, 11, 25, 30].

While LLMs excel at initial generation, iterative refinement re-
mains difficult due to (1) unclear code-to-visual mappings that ob-
scure what to change, (2) the inherent ambiguity of language for
precise adjustments, and (3) a lack of immediate feedback. To
bridge these gaps, our approach integrates direct manipulation, di-
rect code editing, and LLM-based modification. This hybrid ap-
proach enables users to choose the most effective modality for re-
finement, providing both the precision of code and the intuitiveness
of interactive editing.

3 DIRECTVIS

In this section, we present DirectVis, a code-based visualization
authoring system that integrates direct manipulation with LLM-
powered editing to address the challenges of iterative refinement.

3.1 Design goal

DirectVis is designed around three goals that address the key limi-
tations of existing LLM-based visualization tools that we identified
in Section 2.3.
DG1. Provide correspondence between code and visualization
to allow users to identify which parts of the code control specific
visual elements.
DG2. Support direct manipulation for intuitive editing by en-
abling users to directly adjust visualization components and author
interactions through demonstration.
DG3. Provide immediate feedback on expected visualization
outcomes to help users understand the anticipated effects of an edit
before execution, thereby reducing reliance on mental prediction.

3.2 DirectVis

DirectVis consists of four components: a chart canvas, a code edi-
tor, a natural language prompt input, and a demonstration-based in-
teraction specification module. We describe how each component
is designed to support our design goals.

3.2.1 Chart canvas

A chart canvas (Fig 2 (a)) serves as a primary chart builder for direct
manipulation. Visualizations are rendered as SVG elements, allow-
ing interactions to individual components such as marks, axes, and
labels.

DirectVis supports hover, click, drag, zoom, pan, and brush in-
teractions implemented at the SVG element level and translated into
structured event-handler definitions in the underlying code. Users
can click on an SVG element to select it. Each rendered element
is assigned a unique identifier during D3-based rendering, and this
identifier is maintained within the chart state representation. Upon
selection, the system resolves its identifier through the chart state
and regenerates the corresponding code segment for highlighting
in the editor. Conversely, selecting a code block references the
same state structure to identify and highlight its associated SVG el-
ements. This state-mediated synchronization enables bidirectional
correspondence between code and visualization without requiring
static code analysis (DG1).

Selected visual components can be directly manipulated through
dragging and resizing (DG2). Supported operations include drag-
and-drop of marks (with re-grouping and stacking), resizing of vi-
sual elements, and scale adjustments via zoom and pan gestures.
During these interactions, the system provides a preview of the ex-
pected outcome, enabling users to see how their actions would af-
fect their visualization (DG3).



3.2.2 Code editor
Since DirectVis targets users who edit visualizations through code,
the system provides a code editor panel (Fig. 2b) that allows users
to edit code directly as in a conventional editor. Each logical code
block is derived from the current chart state rather than parsed from
user-written source code. Because both the visualization and code
are generated from the same structured state representation, select-
ing a code block or visual element resolves to the same underlying
state node, guaranteeing consistency between visual edits, LLM-
driven modifications, and regenerated code (DG1). When users
click a code block, the corresponding SVG element is automatically
highlighted, making the bidirectional connection between code and
visualization intuitive (DG1).

3.2.3 Prompt input
A prompt input (Fig 2 (c)) enables high-level specification with nat-
ural language to complement direct manipulation and code edit-
ing. While direct manipulation excels at perceptual adjustments
and code editing supports precise logical control, natural-language
prompting allows users to express high-level intents, constraints, or
transformations that are difficult to achieve through direct manipu-
lation or code-editing. To address the ambiguity of natural language
in prior LLM-based systems, the prompt input section in DirectVis
allows component-wise prompting (DG2).

3.2.4 Interaction specification module
Specifying interactive behaviors in visualization code requires users
to precisely identify event targets and handlers, which is challeng-
ing without clear code–visual correspondence. DirectVis addresses
this by enabling interaction specification through direct demonstra-
tion on the chart canvas. User actions such as hovering or click-
ing are captured and translated into explicit action–target represen-
tations that are immediately displayed. This grounded, feedback-
driven approach reduces ambiguity in interaction specification and
lowers the barrier to authoring interactive visualizations (Fig. 2d).

3.3 Implementation
DirectVis is built on React and D3.js: React provides component-
based UI management, while D3.js enables expressive visualiza-
tion authoring through low-level SVG manipulation. DirectVis is
implemented and evaluated on bar and line charts, chosen as a con-
trolled domain due to their prevalence and clear data-to-encoding
mappings for studying semantic grounding between direct manipu-
lation and code transformations. The core mechanism is not chart-
specific: DirectVis operates at the SVG level and maintains explicit
mark-to-code correspondence via D3 rendering, enabling the bidi-
rectional transformation pipeline to generalize to other visualiza-
tion types as long as marks are data-bound and mapped to iden-
tifiable code blocks. Moreover, the interaction-to-code translation
approach is library-agnostic and extendable to frameworks such as
Matplotlib [7] and Vega-Lite [19]. For the prompt input, we em-
ployed GPT-4o as the backend LLM, as it demonstrates strong per-
formance and high accuracy in editing D3-based visualization code.

4 USER STUDY

We conducted a user study to evaluate whether DirectVis effectively
supports visualization editing. We employed a within-subjects de-
sign comparing DirectVis with a baseline condition that supported
only natural-language prompting for code-based visualization edit-
ing. Specifically, we investigated the following research questions:
RQ1. Does DirectVis effectively convey user intent during visual-
ization editing?
RQ2. Does DirectVis improve the efficiency of visualization edit-
ing tasks?
RQ3. How do DirectVis’s features support users during visualiza-
tion editing?

Figure 2: DirectVis interface. (a) Chart canvas for direct manipula-
tion of SVG elements. (b) Code editor with clickable code blocks.
(c) Prompt input for natural language specifications. (d) Interaction
specification by demonstration.

4.1 Participants
We recruited 12 participants (age 23–25; 10 male, 2 female). All
had prior coding experience: 6 with 5+ years, 4 with 3–4 years, and
2 with 1–2 years. Self-reported visualization experience (5-point
Likert scale) averaged 2.6 (SD = 1.1, range 1–4). Four participants
had prior D3.js experience; eight had none. We targeted individuals
with coding expertise but limited visualization experience, as this
population represents the primary user base for LLM-assisted visu-
alization tools—developers who can understand and modify code
but lack specialized knowledge of visualization libraries and design
principles. Sessions lasted approximately 60 minutes, and partici-
pants received 10 USD compensation.

4.2 Tasks
Tasks were designed to reflect common visualization editing sce-
narios in which users adjust existing visualizations to more effec-
tively convey analytical intent, including view faceting and interac-
tion authoring. Each task consisted of two subtasks: Subtask 1 with
chart type transformation and Subtask 2 with interaction author-
ing (Fig. 3). Given initial code and charts, participants reproduced
target visualizations and interactions demonstrated through images
and videos instead of textual descriptions, to prevent participants
from directly translating provided text into prompts.
Task 1. Participants transformed a grouped bar chart into a stacked
bar chart (Subtask 1), then implemented a click interaction to dim
non-selected bars (Subtask 2).
Task 2. Participants transformed a multi-line chart into small mul-
tiples (Subtask 1), then implemented a hover interaction to display
tooltips (Subtask 2).

4.3 Procedure
The study was conducted remotely via Zoom or in person. After
obtaining consent, we provided a tutorial on both systems, intro-
ducing available interaction techniques without revealing specific
task solutions. Participants then freely explored the systems until
they felt comfortable with the interface.

Each participant used both systems and completed one task per
system, with each task comprising two subtasks. System order and
task assignment were randomized and counterbalanced across par-
ticipants. Participants had up to 20 minutes to complete each task.
After completing tasks with each system, participants completed a
post-task survey. Following both conditions, we conducted semi-
structured interviews about interaction preferences and overall ex-
perience. We logged all user interactions and recorded screen and
audio throughout each session.

4.4 Measurements and analysis
We measured user experience via post-task surveys (7-point Likert
scales, Table 1), which were analyzed with Wilcoxon signed-rank
tests. Task completion was recorded at the subtask level; subtasks



(a) Task 1

(2) Subtask 1: Stacked bars(1) Start: Grouped bars (3) Subtask 2: Click Interaction

(b) Task 2

(2) Subtask 1: Small multiples(1) Start: Multi-line (3) Subtask 2: Hover Interaction

Figure 3: Study tasks. (a) Task 1: Bar chart transformation and in-
teraction, (b) Task 2: Line chart transformation and interaction. Each
task shows starter chart and target outcomes for each subtasks.

Table 1: Post-task survey questions and summary labels.

Label Survey Question

Speed The system allowed me to complete tasks quickly.
Intent Reflection The system accurately reflected my intended mod-

ifications in the results.
Ease of Manipulation It was easy to select or manipulate the desired vi-

sual elements.
Cognitive Load Using the system required low mental effort.
Ease of Use Overall, the system was easy to use.
Future Usage I would be willing to use this system for real-world

tasks in the future.

were marked as failed if incomplete after a time limit of 20 min-
utes or if the user gave up. Completion times for successful at-
tempts are reported as means and standard deviations. We do not
report statistical comparisons for completion times due to missing
data from failures. From interaction logs, we extracted and counted
editing attempts, iterations, and modality usage (natural language
commands, code editing, and direct manipulation), comparing con-
ditions using Wilcoxon signed-rank tests. Qualitative analysis in-
volved open coding of interviews by the first author, refined itera-
tively with one co-author.

5 RESULTS

We present our user study results comparing DirectVis and the base-
line.

5.1 Survey results

Figure 4 summarizes the post-task survey results. Participants rated
DirectVis significantly higher than the baseline for Speed (p< .05),
Ease of Manipulation (p < .01), and Ease of Use (p < .05). Rat-
ings for Intent Reflection, Cognitive Load, and Future Use showed
higher mean scores for DirectVis but did not reach statistical signif-
icance.

5.2 Task completion

Task completion was evaluated using task success rate and task
completion time.
Task success rate. For Subtask 1, 10 participants successfully com-
pleted the task with the baseline system, whereas all 12 participants
successfully completed the task using DirectVis. For Subtask 2,
10 participants successfully completed the task using the baseline

Figure 4: Post-task Likert survey results. All items were rated on a
7-point Likert scale (1 = Strongly disagree, 7 = Strongly agree).

system, while 9 participants successfully completed the task using
DirectVis.
Task completion time. Task completion time was measured only
for successfully completed trials. DirectVis showed faster comple-
tion for Subtask 1(Baseline: M = 460.2, SD = 227.2 seconds; Di-
rectVis: M = 371.2, SD = 243.7 seconds), but slightly slower for
Subtask 2(Baseline: M = 302.3, SD = 159.0 seconds; DirectVis: M
= 328.2, SD = 186.7 seconds).

5.3 User behavior
We analyzed user behavior to examine how participants utilized dif-
ferent interaction modalities across systems and subtasks.

5.3.1 Interaction frequency
Total interactions. We counted the total number of interactions,
defined as the sum of natural language prompts, code edits, direct
manipulation actions, and interaction specification actions. Over-
all, participants performed fewer interactions when using DirectVis
compared to the baseline, although this difference did not reach sta-
tistical significance (Baseline: M = 17.58, SD = 11.29; DirectVis:
M = 11.92, SD = 5.55, W = 11.50, p = .055). For Subtask 1, Di-
rectVis required significantly fewer interactions than the baseline
(Baseline: M = 12.58, SD = 10.82; DirectVis: M = 7.50, SD =
4.68; W = 8.00, p < .05). In contrast, for Subtask 2, the number
of interactions was comparable between the two systems (Baseline:
M = 5.00, SD = 4.63; DirectVis: M = 4.42, SD = 3.06; W = 28.50,
p = .688).
Natural language prompts. Participants relied heavily on natu-
ral language prompts in the baseline condition, whereas their usage
was substantially lower in DirectVis. Notably, two participants (P2,
P6) did not use natural language prompts at all in the DirectVis con-
dition, while all participants used prompts in the baseline condition.
Overall, prompt usage was significantly lower in DirectVis than in
the baseline (Baseline: M = 11.25, SD = 5.79; DirectVis: M = 3.67,
SD = 2.81; W = 5.00, p < .01). This difference was observed in
both subtasks, including Subtask 1 (Baseline: M = 7.50, SD = 4.76;
DirectVis: M = 2.67, SD = 1.78; W = 9.50, p < .05) and Subtask 2
(Baseline: M = 3.75, SD = 2.42; DirectVis: M = 1.00, SD = 1.81;
W = 4.00, p < .05).
Code editing. Code editing was used less frequently overall than
natural language prompting. Three participants (P1, P3, P12) did
not use code editing at all in the DirectVis condition, while two
participants (P10, P12) did not use code editing in the baseline con-
dition. Overall, participants performed significantly fewer code ed-
its with DirectVis compared to the baseline (Baseline: M = 6.33,
SD = 7.28; DirectVis: M = 3.75, SD = 4.16; W = 11.00, p < .05).
At the subtask level, differences were not significant for Subtask 1
(Baseline: M = 5.08, SD = 7.30; DirectVis: M = 3.17, SD = 4.34;
W = 21.50, p = .301) or Subtask 2 (Baseline: M = 1.25, SD = 2.93;
DirectVis: M = 0.58, SD = 1.16; W = 4.00, p = .715).
Direct manipulations and interaction specification actions. Di-
rect manipulation and interaction specification were available only



Figure 5: (a) Task completion time and (b) total interaction iterations
by system across subtasks.

in the DirectVis condition. For Subtask 1, all participants except P5
and P11 utilized direct manipulation at least once (M = 1.67, SD =
1.23). Direct manipulation was not used in Subtask 2; participants
instead relied on interaction specification (M = 2.83, SD = 2.86).

5.3.2 User Strategies
We analyzed post-study interviews to characterize participants’ use
of different interactions.
Direct manipulation as a primary strategy. Participants found
direct manipulation intuitive and predictable (P2, P3, P7, P8, P10,
P11, P12). DirectVis enabled them to precisely specify intended
modifications (P2, P4, P6, P11), while the preview feature allowed
them to anticipate outcomes before execution (P2, P5, P6, P7, P8).
Code editing as a secondary or fallback strategy. Code editing
was used selectively and primarily as a secondary or fallback strat-
egy. Code editing was mainly applied to simple or fine-grained ad-
justments, such as modifying text labels or making minor positional
changes (P2, P4, P7, P8, P9, P10, P11). A few participants reported
turning to code editing only when both natural language prompting
and direct manipulation failed to produce the desired outcome (P3),
whereas others stated that they used code minimally or preferred to
avoid it whenever possible (P6). Participants also highlighted the
usefulness of the code highlighting feature, which enabled quick
access to relevant code segments and reduced the effort required to
locate where edits should be made (P4, P6, P9, P10, P11).
Natural language prompting for expressive or non-direct ac-
tions. With DirectVis, prompting was used more selectively, with
some participants not using it at all (P2, P6). Participants reduced
prompting because direct manipulation was sufficiently effective
for many tasks (P2). When used, prompting typically addressed ad-
justments difficult to achieve through direct manipulation, such as
fine-grained edits (P3), requirements more naturally expressed ver-
bally (P7, P11), or semantic changes like reordering colors (P12).

5.3.3 Natural language prompting strategy
We analyzed participants’ natural language prompts and identified
three common patterns.
[Current visual state] + [Desired outcome] Participants often
grounded requests by describing the current visualization before
specifying changes. For example: “Currently, all legend values
are shown separately for each month, but I want to convert this into
a stacked chart aggregated by month” or “Each category in each
month is shown horizontally, but I want to change it to be shown
vertically.”
[Target component] + [Action] Many prompts directly specified
a target and action without restating context, such as “Reduce the
width of each bar,”, or “Change the chart title to ‘Seattle Weather
by Month (Jan to Jun),”
Constraints Some prompts included explicit constraints to prevent
unintended changes, such as “Do not change the attribute IDs” or
“Keep the x-axis unchanged.”

Across both systems, these patterns reflect participants’ attempts
to reduce ambiguity in natural language prompts by explicitly
grounding requests in visual states, components, and constraints.

6 DISCUSSION

We discuss design implications for future visualization editing sys-
tems, considering both the strengths and limitations of DirectVis.

6.1 Design Implications
Support bidirectional code–output mapping. Visualization au-
thoring systems should support bidirectional mappings between
code and visual output, enabling users to both generate visualiza-
tions from code and trace visual elements back to their source code.
Prior work on output-directed programming has demonstrated the
feasibility of propagating output changes to program updates [6].
Bidirectional mappings can also serve as a code localization mech-
anism, allowing users to quickly identify which code segments pro-
duce specific visual elements. Since visualization refinement typ-
ically involves incremental edits and debugging rather than com-
plete rewrites, systems exposing these correspondences can reduce
search effort and enable more efficient, targeted modifications.
Enable interaction-based authoring beyond natural language.
Natural language specifications require explicit verbalization of vi-
sualization state, targets, and outcomes, introducing ambiguity and
repeated iterations. Prior work has shown that augmenting natu-
ral language with interaction [3, 8] reduces such ambiguity. Di-
rectVis demonstrates this approach by enabling users to specify in-
tent through direct manipulation and code selection, reducing re-
liance on verbose descriptions. Future visualization authoring sys-
tems should similarly support interaction-based authoring to miti-
gate failures from underspecified prompts.
Design intuitive interactions with immediate feedback. Effec-
tive interaction-based authoring relies on intuitive interaction de-
sign coupled with immediate feedback, a core principle of direct
manipulation [24]. When interactions align with users’ mental
models, available actions become discoverable through exploration
rather than instruction [14]. Immediate visual feedback, such as
previews of interaction outcomes, supports this process by allow-
ing users to anticipate the effects of their actions. These properties
reduce cognitive load and interaction failures, suggesting that visu-
alization authoring systems should prioritize discoverable interac-
tions and rapid feedback to support efficient learning and use.

6.2 Limitations and future work
We found no significant differences for interaction authoring tasks,
possibly because tasks involved familiar interactions (hovering,
clicking) accessible to novices. Future work could examine special-
ized interactions (zooming, filtering) and explore outcome specifi-
cation methods beyond natural language.

DirectVis supports fundamental operations (drag-and-drop, re-
sizing) for common charts (bar, line). Complex visualizations (net-
works, hierarchies, maps) and abstract operations (statistical trans-
formations, aggregations) may not map to spatial manipulations.
Future work should investigate which types and tasks benefit most
from direct manipulation versus alternative modalities. Although
our current system exclusively supports D3.js [2], the core ideas
of DirectVis can be extended to other visualization authoring li-
braries [7, 19] through systematic modifications such as reverse-
engineering methods [15].

7 CONCLUSION

While LLMs make code-based visualization generation accessible,
iterative refinement remains challenging due to unclear code-to-
visual mappings, ambiguous instructions, and lack of immediate
feedback. We address this by integrating direct manipulation with
LLM-based editing, enabling explicit mappings and immediate vi-
sual feedback. Our user study indicates that this approach supports
more effective and efficient refinement compared to natural lan-
guage prompting, highlighting the benefits of combining generative
AI with direct manipulation for data visualization authoring.
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