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Figure 1: The interactive analysis interface for qualitative inspection. (1) A control panel for selecting dataset, model, and experi-
mental conditions; (2) a gallery view displaying outputs across condition levels (here, visualization literacy Low to High); and (3) an
annotation panel for recording observations.

ABSTRACT

Leveraging natural language understanding and code generation
capabilities, LLMs have been actively adopted for data visualiza-
tion research. However, existing research primarily focuses on code
correctness and execution success under well-specified prompts.
In practice, users often request charts without specifying types,
styles, or analytical goals. This study investigates how LLMs be-
have in such underspecified contexts. We audited 2,160 visualiza-
tions generated by GPT-5.2, Gemini 3 Flash, and Claude Sonnet
4.5 across varying expertise, literacy, and language conditions. Our
findings reveal that under default prompting conditions, LLMs ex-
hibit strong preferences for specific library and chart types. They
tend to equate expertise levels with specific library choices and fre-
quently add trendlines for high literacy users. Language variations
showed negligible structural impact but exposed technical gaps in
non-English font handling. These findings demonstrate that techni-
cal robustness does not ensure behavioral neutrality. We advocate
for developing tools that steer LLM defaults toward intent-aware
visualization design.

Index Terms: Natural language visualization, Large language
models, Visualization design, Behavioral analysis.

1 INTRODUCTION

The rapid evolution of Large Language Models (LLMs) has ac-
celerated innovation across diverse disciplines. Consequently, the
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application of LLMs to data visualization has emerged as a natu-
ral progression [13, 4, 31]. Existing research has made significant
strides in lowering barriers to visualization by leveraging LLMs to
offload design knowledge [28]. However, prior studies have pre-
dominantly focused on quantitative performance metrics [17, 29].
They typically optimize for accuracy against ground truth or exe-
cution success rates using goal-oriented prompts. While essential
for benchmarking, this approach may not capture the complexity of
real-world interactions. End-users frequently initiate requests with
underspecified prompts lacking clear constraints. Our research di-
verges from this performance-centric view. We explore realistic am-
biguity to investigate how LLMs behave when the “correct answer”
is not predefined.

Understanding LLM behaviors under underspecified conditions
is important from two perspectives. From a visualization perspec-
tive, vague requests effectively delegate complex design decisions
to the AI. It is imperative to understand whether autonomous
choices align with effective principles or revert to generic defaults.
From an AI alignment perspective, these scenarios reveal latent ten-
dencies such as library preferences or over-reliance on simple chart
types. To systematically audit this autonomous decision-making,
we formulate three research questions. First, how do LLMs make
design decisions when prompted with underspecified requests? Sec-
ond, how do contextual factors, including expertise role-playing,
visualization literacy, and language context, influence generated vi-
sualizations? Third, what implicit biases or default tendencies exist
across different LLM families?

To address these questions, we adopted and extended an experi-
mental framework focused on open-ended generation. Our method-
ology shifts focus to underspecified prompts by deliberately omit-
ting constraints. We conducted an API-based evaluation across
three LLMs: GPT-5.2, Gemini 3 Flash, and Claude Sonnet 4.5
[16, 5, 1]. Using 60 CSV datasets, we obtained a total of 2,160



chart generations. Unlike rigid classification tasks, we treated gen-
eration as a design process. We analyzed behaviors under a base-
line underspecified condition and compared them across variations
in expertise, visualization literacy, and language contexts.

Our analysis reveals distinct behavioral patterns. Under baseline
conditions, models converged heavily on fundamental types like
line and bar charts, with matplotlib as the dominant library. Exper-
tise role-playing triggered a clear split. Higher expertise produced
increased information density through annotations. Notably, Gem-
ini exhibited aggressive tool switching to seaborn. The visualization
literacy condition revealed an elevated baseline effect. High Liter-
acy prompts drove trendline additions. In some cases, Claude over-
rode single-chart constraints to generate multiple subplots. We also
identified persistent gender-color biases across conditions. Models
frequently mapped male categories to blue and female to pink hues
when visualizing grouped data.

By shifting the evaluation focus from capability to behavior, this
study offers three contributions. First, we provide a systematic em-
pirical analysis of LLMs’ visualization defaults. We identify how
implicit biases emerge when human guidance is minimal. Second,
we examine how contextual factors alter the structural and aesthetic
quality of generated charts. This reveals model-specific adaptation
strategies. Third, we discuss implications for visualization align-
ment. We advocate for context-aware tools that anticipate and steer
LLM-generated visualizations toward neutral and intent-driven de-
signs.

2 BACKGROUND AND RELATED WORK

LLM-Driven Data Visualization. Research on Natural Language
to Visualization (NL2VIS) has significantly advanced by leveraging
the code generation capabilities of LLMs [28]. Initial frameworks
like Chat2VIS [13] and LIDA [4] established modular pipelines that
utilize prompt chaining for sequential generation. Subsequent ap-
proaches integrated feedback loops, user interactions, and external
algorithms to enhance precision [21, 29]. More recently, the field
has progressed toward autonomous agent-based systems capable
of complex reasoning and debugging [31, 17]. Beyond end-to-end
generation, LLMs are also applied to specialized tasks such as chart
recommendation, alt text generation [9, 20], and data visualization
evaluation [11, 7]. Additionally, Multi-modal LLMs are being ex-
plored for their ability to directly perceive and interpret chart im-
ages, moving beyond text-only processing [30].

However, these studies predominantly focus on performance op-
timization, measuring generation accuracy against specific bench-
marks or ground truths. While some works have assessed intrinsic
visualization literacy (e.g., VLAT) [6], they typically operate within
well-defined constraints. Consequently, there remains a gap in ex-
amining LLM behaviors in underspecified contexts, where con-
straints are intentionally minimal. Since real-world users often pro-
vide vague prompts, understanding how models fill these gaps is
critical. Unlike previous research prioritizing error-free rendering,
we investigate the implicit defaults and biases LLMs exhibit when
the correct answer is undefined, shifting the analytical lens from
capability to tendency.
LLM evaluation for bias. A critical body of research focuses on
AI alignment and safety, aiming to mitigate risks such as social bias
and toxicity in LLMs [10]. To rigorously evaluate these risks, re-
searchers have developed metrics to quantify prompt sensitivity [3]
and analyzed worst-case performance to identify robustness failures
under adversarial conditions [2]. In particular, specific prompting
strategies have come under scrutiny. While role-playing can steer
model behavior [26], it acts as a double-edged sword. Studies re-
port that persona injection or even reasoning triggers like Chain-
of-Thought [27] can inadvertently amplify latent biases or toxic-
ity rather than reducing them [19]. These findings underscore that
LLMs are not neutral engines. Instead, they are highly susceptible

to the structural and semantic nuances of prompts. This necessitates
rigorous behavioral auditing.

In the visualization domain, research is expanding beyond code
generation to examine model behaviors. Recent studies have inves-
tigated specific visual preferences (e.g., encodings) [24] or bench-
marked LLMs as evaluators to test alignment with human standards
[25]. However, these investigations typically isolate specific design
components or focus on rigid evaluation tasks. They rarely exam-
ine the holistic generation process in ambiguous scenarios. Conse-
quently, there remains limited understanding of how LLMs orches-
trate multiple design choices, ranging from chart type to aesthet-
ics, when constraints are minimal. Addressing this gap, our study
adopts an exploratory approach to observe how LLMs behave in
underspecified contexts. By qualitatively analyzing outputs across
diverse models and prompt variations, we aim to uncover the im-
plicit defaults and potential biases that emerge when models are
given the freedom to choose.

3 METHOD

3.1 Dataset Construction

We constructed datasets to examine how LLMs choose visual-
ization designs without explicit instructions when presented with
datasets of varying characteristics. Unlike prior work that pre-
scribes chart types and evaluates compliance [23], we adopt an
observational approach. We provide datasets without visualization-
specific instructions and analyze the resulting design choices.
Dataset Design Philosophy. We do not define ground-truth chart
types or judge correctness. Instead, we treat visualization as an
open-ended design decision where multiple valid representations
may exist depending on data properties and analytical intent [14,
12]. Our goal is to characterize the patterns and diversity of LLM-
generated visualizations across different data characteristics. We
use Vázquez’s taxonomy of 24 chart types [23] as a descriptive
framework to categorize LLM outputs. Four geospatial chart types
requiring non-CSV formats were excluded, leaving 20 chart types
as a shared vocabulary for analysis rather than prescriptive targets.
Dataset Sources and Characteristics. We compiled 60 CSV
datasets combining real public data and LLM-generated data to re-
flect realistic usage scenarios. The collection integrates datasets and
variants from prior LLM-to-visualization resources, public repos-
itories, as well as LLM-generated datasets based on chart exam-
ples, to span heterogeneous domain contexts and encourage diverse
chart choices. To cover 20 chart-type families, we curated three
datasets per family (20 × 3 = 60), varying key characteristics such
as the number of variables (2–6), data types, and dataset size (5–500
rows). We also included a small set of minimal synthetic datasets
(5–10 rows, 2–3 columns) to isolate basic visualization behavior.
Detailed dataset metadata is provided in the supplemental material
and our public release.

3.2 Prompt Design

To inspect LLMs’ visualization decision-making within different
contextual settings, we designed a structured prompt that pro-
vides visualization context through role-playing and personaliza-
tion strategies [22], and conditioned the language context. We de-
fined four prompt conditions as follows:

• Default Prompts: Specify only the CSV dataset and a gen-
eral chart generation request, deliberately excluding potential
confounding factors to establish an underspecified baseline.

• Expertise Role-Playing Prompts: Inject data visualization
expertise levels by framing the model from the creator’s per-
spective, explicitly specifying professional competency in vi-
sualization design.
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Figure 2: Systematic combination of datasets, prompt conditions, and models to produce 2,160 charts without explicit chart specifications.

• Graph Comprehension Personalized Prompts: Incorporate
graph comprehension dimensions grounded in Curcio’s visu-
alization literacy theory [8], personalizing visualization gen-
eration on the reader’s literacy level.

• Language-Conditioned Prompts: Specify language settings
to examine cross-linguistic and cross-national variations.

To systematically control experimental variables, we designed
prompt configurations as shown in Table 1. We employed a prompt
structure that separates system prompts from user prompts, en-
abling controlled observation of the model’s generation behavior
[32, 15]. User prompts intentionally omit explicit chart type speci-
fications, allowing us to capture the LLM’s intrinsic tendencies in
visualization decision-making [18]. Additionally, to simulate real-
world scenarios involving CSV file data, we converted the metadata
and content into console-friendly tabular representations to facili-
tate seamless processing by the LLM. We included this data rep-
resentation in the prompt to approximate machine-readable format
input [28], since our API-based experimental settings required text-
based input rather than direct file attachments.

Table 1: Prompt configurations for chart generation

Task Type Prompt Content

Default
System Give me only a python script as a response, with

only a single chart.
User Write a python script that generates a chart

using CSV file {csv filename}. CSV
file metadata: {csv meta}. Full CSV data:
{csv full content}.

Expertise
System Give me only a python script as a response, with

only a single chart. You are a {level} in data visu-
alization.

User Write a python script that generates a chart
using CSV file {csv filename}. CSV
file metadata: {csv meta}. Full CSV data:
{csv full content}.

Graph
Comprehen.

System Give me only a python script as a response, with
only a single chart.

User I’m at the {curcio level} level accord-
ing to Curcio’s data literacy standards. Write
a python script that generates a chart us-
ing CSV file {csv filename}. CSV file
metadata: {csv meta}. Full CSV data:
{csv full content}

Language-
Conditioned

System Give me only a python script as a response, with
only a single chart.

User CSV파일 {csv filename}을사용하여하나의차
트를생성하는파이썬스크립트를작성하라. CSV
파일메타데이터: {csv meta}. CSV전체데이터:
{csv full content}.

* For language-conditioned experiments, the Default prompt was translated into
Korean, Japanese, Chinese, and Spanish. This table shows only the Korean version.

3.3 Testing Procedure
To understand recent LLMs’ tendencies within data visualization,
we selected three popular LLMs: GPT-5.2 (OpenAI) [16], Gemini

3 Flash (Google) [5], and Claude Sonnet 4.5 (Anthropic) [1]. We
conducted experiments via standardized API parameters in order to
systematically ensure consistent model versions across trials.

Our experiment yielded a comprehensive dataset of 2,160 chart
generations, derived from the factorial combination of 60 datasets
(20 chart-type families × 3 datasets each) × 12 prompt variations × 3
LLM models. This scale enables robust statistical analysis of visual-
ization preferences, identifying dataset-specific and model-specific
biases. Each experimental trial followed a three-step procedure:

1. Prompting the Model: For each experimental condition, we
initialized a fresh conversation context and submitted the con-
ditioned prompt together with the corresponding CSV dataset.

2. Script Generation: We collected the Python visualization
scripts generated by the model, which encode visualization
design decisions for the given dataset and prompt condition.

3. Execution and Storage: Each generated script was executed,
and the resulting chart was saved as a PNG file.

3.4 Data Analysis Pipeline

Automated Metadata Extraction. We employed an LLM-as-a-
Judge approach using Gemini 3 Flash to categorize the generated
visualization scripts. A strict system prompt containing a taxon-
omy of 20 distinct chart types was used to analyze the code struc-
ture. The model identified the primary visualization library and the
specific chart type.
Interactive Verification and Refinement. Following the auto-
mated labeling, we conducted a full-dataset manual audit (N =
2,160) via our interactive dashboard. We corrected 65 misclassi-
fications (≈ 3.0%) to ensure accuracy. All quantitative analyses in
this study use these human-verified labels.
Qualitative Visual Analysis. We performed a qualitative inspec-
tion using the dashboard’s Gallery Mode, which supports two com-
plementary comparative strategies. The Cross-Model view com-
pares outputs from different models under identical conditions to
surface model-specific behaviors. The Within-Model view fixes a
single model to examine variations across research factors.

To capture nuances beyond aggregate counts, four re-
searchers independently annotated each output within the in-
terface using lightweight tags (e.g., salient differences, consis-
tency/inconsistency across conditions, and format compliance)
alongside brief free-text notes. We then consolidated annotations
through iterative group discussions to reach consensus on the key
findings. The analysis dashboard, annotation logs, and the full
dataset are publicly available (see Supplemental Materials).

4 FINDINGS

Findings are organized by prompt factor. Key frequencies are re-
ported inline, and consolidated summaries are provided in the Sup-
plemental Materials.



4.1 Baseline Behaviors: Convergence in Types and Im-
plementation

Our dataset was designed to accommodate 20 distinct chart types
without enforcing a single golden rule, allowing for multiple valid
visualization strategies per task. However, the generated outputs
showed a marked convergence. In the default setting (N=180), mod-
els concentrated on a small set of fundamental formats (column: 36;
line: 34; grouped column: 25; scatter: 22), even when the data struc-
ture allowed for alternative representations. Notably, within bar-
type visualizations, models demonstrated a structural preference
for vertical orientations: column-based charts (36+25=61) were se-
lected far more often than horizontal bar charts (14) and grouped
bars (6), suggesting that vertical layouts are treated as the primary
default in unspecified contexts.

Implementation choices reflected a similar standardization. Mat-
plotlib served as the dominant engine (144/180) and acted as the
primary default across most models. In contrast, seaborn was selec-
tively applied to specialized non-bar chart types, indicating a latent
capability for tool switching based on chart complexity.

Aesthetic decisions also followed consistent patterns. In quali-
tative inspection, single-variable plots often retained default blue
hues (e.g., #1f77b4), and multi-category plots typically relied on
automatic color cycles. A notable exception emerged for gender-
related data: models sometimes deviated from default cycles to
apply stereotypic mappings (blue for male and pink for female)
even without explicit prompting. This bias was observed in 2/4
gender-grouped bar charts (both produced by GPT-5.2), 5/5 gender-
grouped column charts (including GPT-5.2’s output), and 3/3 pyra-
mid charts.

Gemini 3 Flash Sonnet 4.5 GPT-5.2

Figure 3: Implicit gender-color bias in default generations. Com-
parison of population pyramids from three models, using the same
dataset without color specifications.

4.2 Stereotyping Expertise: Structural Shifts and Tool
Switching

Injecting expertise prompts triggered a distinct split, with Medium
and High (M–H) behaving similarly and diverging from Low (L).
In L, vertical column charts dominated (60/180; 33%), exceeding
even the baseline share. In contrast, M–H conditions sometimes in-
creased information density, e.g., evolving from simple scatter plots
to bubble charts to encode additional variables. Bar charts in M–H
also almost always included explicit numeric value annotations (M:
18/18; H: 23/25 rendered). Gender-related charts exhibited seman-
tic color biases across expertise levels: for grouped column charts,
stereotypic mappings (male→blue, female→pink/red) appeared in
5/6 cases in M and 3/6 in H, while reversals accounted for 1/6 (M)
and 3/6 (H). In L, the bias was even more dominant (9/10). A simi-
lar pattern appeared in pyramid charts (L: 1/1; M: 4/4; H: 5/5).

Library selection revealed model-dependent interpretations of
expertise. Gemini exhibited the most drastic strategy shift: while
it relied on matplotlib in L, it switched to seaborn in M–H (>55%
of outputs), effectively associating seaborn with “expert-level” vi-
sualization. In contrast, Claude maintained a strong preference for
matplotlib across all levels and instead expressed expertise through
styling adjustments (e.g., bold titles, refined axis labels). GPT-5.2
showed less consistent shifts in library choice and structural com-
plexity across expertise levels.

The distinction in visualization logic was most apparent in more
complex cases. In qualitative inspection, we observed that M–H
prompts sometimes led models to use grouping/aggregation to pro-
duce segmented summaries and to incorporate additional encod-
ings, occasionally alongside minimalist styling choices such as re-
duced gridlines (notably in Gemini). These examples suggest that
“expert-like” outputs may involve both added information and re-
finement in presentation.

Gemini 3 
Flash

Sonnet 
4.5

GPT-5.2

Expertise Low Expertise Medium Expertise High

Figure 4: Effect of expertise level prompts on chart generation. Low
expertise yields simpler chart types, while Medium and High levels
converge toward more complex representations such as radar charts.

4.3 Adapting to Literacy: Elevated Baselines and In-
sight Prioritization

The visualization literacy condition shared broad similarities with
the Expertise experiment, particularly in the dominance of column-
based charts at the Low literacy level (N=180; column: 90; grouped
column: 27) and the Gemini-driven increase in seaborn usage from
Low to High. Across all models, seaborn usage rose from 6 (L) to
14 (M) to 34 (H) outputs, driven primarily by Gemini (3, 12, and
33, respectively). However, the progression between levels differed
from Expertise. Unlike the clearer “Low vs. Medium–High” split
observed in the Expertise prompts, literacy adaptation appeared
more gradual: Low and Medium outputs were often more similar
in structure across models, suggesting an “elevated baseline” for
literacy. Models seemed to assume a higher minimum standard for
“Low Literacy” than for “Low Expertise,” resulting in less abrupt
structural changes until the High level.

The transition to High literacy triggered more explicit attempts to
deliver insights. Given that the High prompt framed the user as ca-
pable of “predicting future trends,” models (particularly Claude and
Gemini) frequently appended trendlines or statistical cues to line
and scatter plots (Gemini: 31/60; Claude: 19/60, emerging predom-
inantly at High). Gemini also occasionally emphasized specific data
regions via additional visual adjustments (e.g., background shading
or grid refinements). Most notably, Claude sometimes prioritized
insight delivery over system constraints: despite the instruction to
generate a “single chart,” it produced multiple subplots in 12/60
(20%) cases at the High level, indicating that perceived user liter-
acy can override structural constraints in the system prompt.

While Gemini and Claude showed identifiable patterns, GPT-
5.2 exhibited a non-linear progression across literacy levels. Its
Medium outputs occasionally contained higher information density
or more complex elements than High, making a consistent adapta-
tion strategy difficult to discern. In styling, Claude showed a lower
threshold for visual refinement in the literacy condition than in Ex-
pertise, applying bold title formatting even at Low. However, per-



sistent biases remained: gender-color mappings continued to appear
across literacy levels in Claude, suggesting that literacy adaptation
does not necessarily correct underlying stereotypic tendencies.

Gemini 3 
Flash

Sonnet 
4.5

Visualization Literacy Low Visualization Literacy Medium Visualization Literacy High

Figure 5: Effect of visualization literacy prompts on chart generation.
Low and Medium levels produce similar outputs, while High triggers
divergent behavior, including multi-subplot responses from Sonnet.

4.4 Linguistic Invariance and Localization Configura-
tion Challenges

Variations in linguistic context resulted in negligible structural
adaptation. This contrasts with the shifts observed in the Exper-
tise and visualization literacy conditions. The distribution of chart
types remained consistent with the baseline and maintained a strong
preference for column, line, and scatter plots across all languages.
Minor fluctuations occurred, such as a slight increase in grouped
charts for Spanish (27 cases). However, these did not constitute a
significant deviation. Instead of distinct stylistic changes, the pri-
mary challenge lay in technical configuration for non-English con-
tent. We utilized translated datasets and localized system prompts
to induce linguistic adaptation. Despite this, models frequently
failed to generate necessary font configuration codes, such as CJK
settings in matplotlib. Consequently, while the visualization logic
remained intact, the outputs often suffered from encoding errors
(“tofu” glyphs). This indicates that language prompts primarily af-
fect content translation rather than visual structure.

4.5 Code Generation Reliability and Error Taxonomy

Despite these configuration challenges, generated code was gen-
erally robust. Across 2,160 generations (3 models × 720 tasks),
only 28 cases (1.3%) resulted in execution failures. Error patterns
were largely model-specific rather than attributable to prompt com-
plexity. GPT-5.2 was the most stable (4/720 failures), with rare
type/attribute errors often tied to invalid inputs. Claude (11/720)
mainly struggled with dependency management (e.g., using np
without importing NumPy or calling japanize matplotlib without
proper imports). Gemini (13/720) failed mostly during data inges-
tion (e.g., CSV parsing logic or incorrect argument passing). Over-
all, failures reflected basic oversights or environment mismatches,
suggesting that the remaining bottlenecks are less about generating
runnable plotting code and more about environmental adaptability
and visual refinement.

5 DISCUSSION

Our results confirm that LLMs have matured into robust visualiza-
tion generators. They exhibited high execution success rates even
with underspecified prompts. However, this technical robustness
does not imply neutrality. When prompts lack explicit constraints,
models rely on specific defaults. These include a preference for fun-
damental statistical charts and particular library choices. These de-
faults are not random. They reflect latent assumptions about “stan-
dard” visualization. We observed persistent gender-color biases and
distinct behavioral shifts when expertise or literacy personas were
injected. This underscores the necessity of explicit constraint spec-
ification. We cannot assume that an “underspecified” prompt will

yield a “neutral” result. Instead, it triggers the model’s intrinsic bi-
ases. Therefore, developers must account for these model-specific
traits. They should implement intent-driven steering strategies to
control complexity and mitigate stereotypic patterns. Addition-
ally, technical gaps in non-English contexts suggest that prompting
alone is insufficient for localization. Future systems require API-
level middleware to automatically handle environmental dependen-
cies, such as font configurations, to ensure true global adaptability.

This study serves as an exploratory investigation and implies
several limitations regarding scope and rigor. A primary limitation
lies in the evaluation of visualization quality. We analyzed behav-
ioral shifts, such as library switching or the inclusion of trendlines.
However, we did not assess whether these outputs were empiri-
cally “better” or truly suitable for the target expertise and liter-
acy levels. Establishing ground truth for “expert” or “high-literacy”
visualizations remains a complex challenge. It requires extensive
human-subject evaluation. Additionally, our experimental design
relied on a fixed dataset and limited repetition. Future work should
aim for greater methodological rigor by expanding the dataset size
and incorporating multi-turn interactions. We also plan to refine
prompt variables to verify statistical significance. Despite these lim-
itations, this work offers a meaningful first step in uncovering how
LLMs navigate ambiguity. We highlighted the implicit biases and
decision-making patterns that emerge in underspecified contexts.
We hope this prompts the community to be more mindful of the
latent characteristics embedded in AI-assisted visualization tools.

6 CONCLUSION

This study explored the unexamined behaviors of LLMs in un-
derspecified data visualization contexts. Our findings confirm that
while modern LLMs have achieved near-perfect technical robust-
ness in code execution, they demonstrate distinct latent tendencies
that frame how data is represented. When human guidance is mini-
mal, models often rely on associative heuristics. These include link-
ing expertise with visual complexity, prioritizing insight delivery
over faithfulness, and maintaining structural rigidity despite lin-
guistic changes.

These results highlight that an “underspecified” prompt is never
truly neutral. It reflects the model’s training patterns, ranging from
library preferences to observed gender-color associations. The chal-
lenge for future AI-assisted visualization is not just whether the
model can generate a chart, but how it navigates these choices. We
conclude that achieving trustworthy visualization requires moving
beyond syntax checking to behavioral alignment. Future systems
must incorporate environment-aware middleware and intent-driven
steering mechanisms to ensure that the “Implicit Analyst” facili-
tates objective decision-making tailored to user needs.
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