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Abstract

Large Language Model (LLM) agents can
increasingly automate complex reasoning
through Test-Time Scaling (TTS), an iterative
refinement process guided by reward signals.
However, many real-world tasks involve multi-
stage pipelines whose final outcomes lack veri-
fiable rewards or sufficient data to train robust
reward models, making judge-based refinement
prone to error accumulation across stages. We
propose Selective TTS, a process-based refine-
ment framework that scales inference across
stages of a multi-agent pipeline, instead of re-
peatedly refining a single output over time as
in prior work. By distributing compute across
stages and pruning low-quality branches early
using process-specific judgers, Selective TTS
mitigates the judge drift and stabilizes refine-
ment. Grounded in a data science workflow,
we build an end-to-end multi-agent pipeline for
generating visually insightful reports from a
given dataset, and design a reliable LLM-based
judge model that aligns with human experts
(Kendall’s 7=0.55) to evaluate them. Our pro-
posed selective TTS then improves insight qual-
ity under a fixed compute budget, increasing
mean scores from 61.64 (baseline) to 65.86
while reducing variance. We hope our findings
serve as the first step toward scaling complex,
open-ended tasks with unverifiable rewards like
scientific discovery. Our code and generated
reports are publicly available !

1 Introduction

LLM agents increasingly improve performance by
allocating more inference-time compute to branch-
ing, reflection, and verification, before commit-
ting to answers. Methods such as Self-Consistency
(Wang et al., 2023), Tree-of-Thoughts (Yao et al.,
2023), and evolutionary refinement like AlphaE-
volve (Novikov et al., 2025) demonstrate that itera-
tive test-time reasoning can scale solution quality

1https://minnesotanlp.github.io/
insight-scaling-webpage
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Figure 1: Comparison between traditional TTS through
refinement over time (left) (Novikov et al., 2025), and
our proposed process refinement in multi-agent pipeline
(right). They show different styles of scaling behaviors.
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comparably to gains from larger models or addi-
tional training (Snell et al., 2024; Liu et al., 2025b).

Many real-world tasks operate as multi-stage
pipelines, involving analysis, generation, evalu-
ation, and refinement, where final outcomes are
often unverifiable, such as evaluating the insight-
fulness of a chart. These objectives typically lack
sufficient data to train robust reward models due
to the difficulty and underlying principles of defin-
ing the problem, leading practitioners to rely on
LLM-as-Judge feedback (Zheng et al., 2023). How-
ever, repeated refinement driven by judge scores
tends to accumulate early misjudgments, causing
traditional time-based scaling to drift away from
human-preferred outcomes (Das et al., 2024).

To address these challenges, we propose Selec-
tive Test-Time Scaling (Selective TTS), a process-
based, stage-wise refinement strategy for multi-
agent systems. Instead of repeatedly refining a
single output through time, Selective TTS allocates
compute across pipeline stages and applies stage-
specific evaluators to prune low-quality branches
early. By confining each judge’s influence to its
local stage, this approach reduces error propaga-
tion and yields more stable, interpretable scaling
behavior under fixed compute (Fig. 1).

Data analysis exemplifies this challenge, as trans-
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This dataset likely represents bibliometric
and academic publication data... The fields
such as ‘Conference’, "Year', 'Title', and
‘AuthorNames' suggests that it is intended
to catalog and analyze scholarly works,
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in medical charges between smokers and
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median medical charges, suggesting that
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predictor of increased healthcare costs, ...
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Figure 2: Our multi-agent data analysis pipeline aims to answer two key questions: (RQ1) whether judge-guided
scaling can align with human experts, and (RQ2) how much performance can be further scaled within the same

compute budget using the proposed selective TTS.

forming raw data into visualizations and insight
driven reports requires substantial domain and sub-
jective judgment, making evaluation with a sin-
gle scalar reward impractical (Wang et al., 2025b).
Most existing automated data analysis systems
(Google Labs), follow rigid linear workflows that
primarily produce surface-level charts.

We adopt this inherently unverifiable setting as a
case study to systematically examine how process-
based test-time refinements can improve end-to-end
pipeline quality under a fixed compute budget. Our
contributions are threefold:

* We build an end-to-end data analysis pipeline,
from raw data to final reports, decomposing
the workflow into data profiling, chart genera-
tion, insight extraction and verification.

* We design stage-wise LLM-as-Judges to eval-
uate the report quality, and identify a pseudo
ground-truth judger that best aligns with hu-
man expert judgment (Kendall’s 7=0.55) for
subsequent experiments.

* We propose and evaluate Selective TTS, a
pruning-based compute allocation strategy
across pipeline stages, that improves insight
quality of reports (+4.2 gain, 39% variance
reduction) under the same compute budget.

These contributions reframe this unverifiable in-
sight optimization as a test-time scaling and alloca-
tion problem, demonstrating a principled recipe to
scale outcome quality under unverifiable rewards,
while bridging progress in agentic TTS with real-
world data science workflows.

2 Proposed Methods

We investigate whether unverifiable rewards in vi-
sual insight generation can be operationalized and

improved via test-time scaling. To this end, we
build a simple multi-agent pipeline that produces
insightful reports from raw data, together with a
human-aligned LLM-based judge to evaluate re-
port quality (§2.1). Using this judging signal, we
then extend our work to see how far we may scale
quality under a fixed compute budget (§2.2).

2.1 Multi-Agent Data Analysis Pipeline

As shown in Fig. 2, the pipeline takes raw data
and produces a final report with curated charts and
chart-grounded insights. It comprises four stages:
Data Profiling, Visualization, and Insight Genera-
tion and Judger Verification each implemented as
an agent with stage-specific prompts, powered by
an LLM or a vision-language model (VLM). The
overall design is inspired by the work by (Gan et al.,
2025) but simplified for the sake of efficient scaling.
Further details on the pipeline design and example
stage-wise outputs are provided in Appendix §H.

(1) Data Profiling. The Data Profiling stage sum-
marizes key metadata of the dataset (shape, schema,
inferred types, small samples) and emits a concise
metadata report with plausible analysis directions.
This compact contract guides downstream visual-
ization (valid columns, sensible encoding), reduce
hallucinations and routine failures (empty plots),
and avoid streaming raw records to the model, im-
proving robustness and efficiency.

(2) Visualization. Conditioned on the metadata
report, the Visualization stage: (i) proposes analysis
directions (topic, chart_type, variables); (ii)
compiles executable plotting code; (iii) executes
and, if needed, rectifies code using error traces; and
(iv) filters meaningless figures via a chart judger.
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Easy Judger

Moderate Judger

Harsh Judger

Task: objective evaluation using
chart-only evidence.

Traits: Readability; OnTopic;
TrendAlignment.

Process: direct observation and
scoring.

Scoring: integers 0—100 per trait.
Output: JSON {scores, evidence,

Task: objective evaluation using
chart-only evidence.

Traits: Correctness; Specificity;
Interpretive Value.

Process: identify chart elements
and rate insight clarity.

Scoring: integers 0—100 per trait.
Qutput: JSON {scores, evidence,

Task: objective evaluation using chart-only

evidence.

Traits: Correctness and Factuality; Specificity and
Traceability; Insightfulness and Depth; So-what

quality.

CoT Process: observe chart — decompose insight
— map evidence — score — conclude.

Scoring: integers 0—100 per trait.

conclusion}. conclusion}.

Output: JSON {scores, evidence, conclusion}.

Table 1: Prompt snippets for the three judgers. The overall evaluation task, scoring scale, and output format are
consistent, while the evaluation traits and reasoning process become progressively more demanding. The final
evaluation score is computed externally as the mean of the summed trait scores. Full templates are in Appendix §H.3.

As aresult, the pipeline yields a vetted set of figures
ready for interpretation.

(3) Insight Generation. For each vetted chart,
the Insight Generation stage samples textual in-
sights under specific instructions that emphasize (i)
observation fidelity and evidential completeness,
(ii) traceability to specific chart elements, (iii) non-
triviality and novelty, and (iv) actionability. Each
generated insight is evaluated by an LLM-based
judge together with its corresponding chart.

Scaling and Ranking with Judges Each (chart,
insight) pair is summarized into a final report. Be-
cause each stage produces multiple candidates, the
total number of end-to-end report candidates grows
combinatorially. Fixing the branching factor of
each stage to k yields up to k2 possible report can-
didates. A Judger agent then assigns a scalar score
s € [0,100] by averaging its per-dimension rat-
ings (e.g., correctness, traceability, nontriviality,
actionability). We instantiate three strictness lev-
els—easy, moderate, and harsh—and rank final
reports by their scores for downstream selection.
Table 1 provides prompt snippets for these judgers,
designed with support from domain experts and
inspired by prior work on insight evaluation and
characterization (Law et al., 2020; He et al., 2021;
Lian et al., 2025). To improve robustness and re-
duce stochastic judgment noise, each report is eval-
uated three independent times by the same judge,
and the final score is obtained via averaging the
three repeated scores. This stabilizes ranking under
test-time branching and ensures consistency across
evaluation runs.

Human Alignment of Judgers While judge-
based ranking enables scalable selection under
combinatorial growth, prompting-based judgment
remains inherently imperfect, even when prompts
are carefully designed using grounded literature

and domain expertise. Different judgers may ex-
hibit systematic biases or preference shifts, making
it unclear whether judge-guided improvements gen-
uinely scale to reflect human-perceived quality.

To ensure that judge-guided scaling aligns with
human expert preferences, we explicitly validate
and select a judger whose rankings are consistent
with human judgments. We therefore conduct a
human evaluation using pairwise preference rank-
ings over sampled final reports, and measure the
agreement between human rankings and each can-
didate judger. This process allows us to identify a
judger that reliably reflects human quality assess-
ments, which is then used as the proxy signal for
evaluating report quality under test-time scaling.
Experimental details are in §3.1

2.2 Scaling Up with Selective Pruning

Having established an end-to-end pipeline for vi-
sual insight generation and a human-aligned judg-
ing framework in §2.1, we now test how far we can
scale insight quality under a fixed compute budget
(i.e., finding the best outcome out of a combination
of k profiles, k charts, and k reports in Fig. 2).
This section introduces Selective Test-Time Scal-
ing (Selective TTS), a process-based pruning strat-
egy that allocates compute more efficiently across
multi-agent stages. Unlike naive test-time scaling
that exhaustively expands all branches, Selective
TTS prunes low-quality candidates early based on
stage-local evaluations, allowing compute to be
concentrated on more promising paths (Fig. 3).

2.2.1 Stage-Wise Selective TTS

Selective TTS reformulates test-time scaling along
the process dimension rather than the temporal
one. Each round of runs proceeds through the same
three core stages, data profiling, visualization, and
insight generation, but with stage-local evaluators
that prune weak candidates before passing results
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Branching Factor (=3)

Profiling

Visualization

Insight Gen.

0.67

Pruning ratio ()

Total budget used 32x1=32 11x3=33

Fixed Budget =30 Breadth 1, Diversity | Diversity 1, Breadth |

Figure 3: Overview of Selective Test-Time Scal-
ing under a fixed compute budget (e.g., 32). Stage-
specific evaluators perform pruning across the multi-
agent pipeline while controlling the branching factor
at each stage. Higher pruning ratios (p) promote more
rounds of exploration and diversity across runs, while
reducing within-round breadth. Details on budget ac-
counting and branching control appear in §2.2.2.

downstream. For instance, the data profiling stage
produces multiple metadata reports; the visualiza-
tion stage expands each report into several visual-
ization specifications (topic, variable, chart type)
and render the charts; and the insight generation
stage drafts multiple textual insights per chart. Af-
ter every stage, a dedicated LLM-based stage-local
evaluator ranks candidates and discards a fixed frac-
tion of low-quality outputs, enabling more compute
to be allocated to high-potential branches (Fig. 3).

Pruning Schedule. Let bs denote
the branching factor at stage s €
{data profiling, visualization, insight generation}.
Given a pruning ratio p, we retain

n's max(l, [(1—)p) bSD
candidates to pass forward.> Thus p = 0 corre-
sponds to the baseline (no pruning, full branching
at every stage), while larger p increases selectivity
by trimming more aggressively. We apply uniform
p across stages for simplicity, though state-specific
pruning schedules are possible.

Stage-local Evaluators. Each pruning decision
is guided by an LLM-based judger tailored to its
stage: a metadata report judger ranks metadata
reports, a visualization judger ranks directions of
visual charts, and an insight judger ranks drafted in-
sights. This process-level allocation reduces the ac-

*We enforce max(1, -) to avoid pathological collapse at
high pruning rates.

cumulation of judging noise across time and yields
more stable scaling behavior under fixed budget.

2.2.2 Budget Control and Complexity

To ensure fair comparison across pruning ratios,
we keep the total inference compute constant for
all Selective TTS settings. We measure compute by
the number of LLM calls (generation, stage-local
judging, and final evaluation) aggregated across all
agents. Because all configurations share the same
model and execution environment, call-based bud-
geting provides a stable and reproducible proxy
for inference cost without requiring token-level ac-
counting, with detailed per-stage call accounting
provided in Appendix §E.1. Given a baseline bud-
get B at p=0, we adjust the number of runs under
each pruning ratio p so that the accumulated call
count closely matches B. During execution, we
monitor the budget online and incrementally launch
additional runs until the target budget is reached
(The normalization procedure is provided in Ap-
pendix §E.2). This normalization ensures that any
performance gains reflect a more effective compute
allocation rather than the increased compute, and
we further verify in §4.4 that call-based budgeting
yields trends consistent with token-level budgets.

Under this budget model, the expected run-level
budget complexity can be approximated as

O(pv nlgg)
——

Generation Budget

E[Brun(p)] ~ + O(]I[P > 0] pmf),
—_————

Pruning Budget

where n/, = max(1, [(1 — p)bs]) denotes the num-
ber of surviving branches after pruning at stage s,
and p, € [0,1] is the expected pass rate of the
visualization-stage quality filter. Intuitively, p,n/,
is the expected number of verified charts among the
n!, visualization directions. The first term captures
the dominant generation and evaluation cost, which
scales cubically with the effective branching fac-
tor due to combinatorial expansion across stages.
The second term is the additional pruning overhead,
which scales quadratically in the retained branch
size and is incurred only when pruning is enabled.
A full derivation is provided in Appendix §E.1.

3 Experimental Setup

We design two complementary experimental se-
tups corresponding to our two research questions:
(1) the small-sized human alignment experiment
to validate our judge selection (§2.1), and (2) the
large-scale scaling experiment to show effective-
ness of selective TTS (§2.2).
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Judger VIS Publication Dataset Medical Insurance Dataset

Kendall’s 7 (1) Spearman’s p (1) Kendall’s W (1) | Kendall’s 7 (1) Spearman’s p (1) Kendall’s W ()
Easy 0.401+0.24 0.534+0.24 0.64 0.5540.30 0.621+0.26 0.54
Moderate 0.4540.17 0.55+0.23 0.51 0.4040.00 0.5540.08 0.65
Harsh 0.551+0.30 0.60+0.37 0.59 0.651+0.30 0.724+0.27 0.64

Table 2: Alignment metrics (mean =+ std over four human annotators) between each judger and human annotations
on two datasets. Higher values indicate stronger agreement (1 denotes perfect correlation).

_‘—d_'_'_'_‘_'__,_—'—"—A
a0- /’“f__;—/—'——’_’_’/
f;/

Score

40+

—— Harsh
Moderate
—— Easy

204 =

400 600 800 1000 1200 1400

Final Report Index (sorted)

0 200

Figure 4: Sorted overall score curves under three judgers
(easy, moderate, harsh) on VIS Publication dataset. See
Appendix §C for the Medical Insurance dataset.

3.1 Human Alignment Experiment

We first run the full Selective TTS pipeline under
test-time scaling to generate a large set of final
reports with varying quality levels. Based on the
scores produced by three judgers with different
strictness levels, we then adopt a score-stratified
sampling strategy to obtain representative samples
across the full quality spectrum, as illustrated by
the sorted score curves in Fig. 4. Specifically, re-
ports are ordered by judger scores and sampled at
five fixed score quantiles (0%, 25%, ... 100%).

Pairwise human preferences are collected from
four expert annotators with extensive experience
in data science. These annotations are used to con-
struct a consensus human ranking, and alignment
between each judger’s ranking and human pref-
erences is evaluated using rank-based correlation
metrics, with inter-rater agreement assessed to en-
sure annotation reliability. Based on this alignment
analysis, we identify a pseudo ground-truth judger
that best matches human judgment.

For report generation, we use
Qwen2.5-VL-32B-Instruct as the genera-
tion backbone and GPT-40 as a strong judging
backbone to minimize model-induced bias. Each
report is evaluated by the same judger three
independent times and the final score is obtained
by averaging these evaluations. Experiments
are conducted on two representative tabular
datasets—VIS Publication (Isenberg et al., 2017)
and Medical Insurance (Abdelghany, 2021)—each

yielding approximately 1,500 final reports. These
evaluations produce sorted index curves that
characterize the score distribution across pruning
ratios and serve as the basis for subsequent
human-alignment analysis. Full experimental
details, annotation protocols, and statistical
definitions are provided in Appendix §D.1

3.2 Scaling Experiment with Selective TTS

Model, Dataset, and Inference Configuration.
All main experiments are conducted on the VIS
Publication Dataset (Isenberg et al., 2017), and
we adopt Qwen2.5-VL-32B-Instruct as the gen-
eration backbone for all agents. To obtain
more accurate and stable evaluations, we em-
ploy GPT-4.1-nano as the judging backbone(stage-
local evaluators and final judger) throughout the
scaling experiments. To ensure sufficient diversity
in test-time scaling, we set the decoding parame-
ters to top-p = 0.9, temperature = 1.0, and a max-
imum generation length of 1500 tokens. We fix the
stage-local branching factor to by = 5, ensuring
consistent diversity across all stages. Pruning ap-
plies a single ratio p uniformly across stages within
arun; we sweep p € {0.2,0.4,0.6,0.8}, while all
other settings are held fixed across runs. In addi-
tion, we later conduct robustness analyses examin-
ing budget selection, cross-model variation, decod-
ing parameter choices, dataset generalization and
prompt-controlled variation in base insight length
in §4.4

Baseline Budget. We establish a reference bud-
get by running the full pipeline with no pruning
(p=0) for 15 independent runs. All Selective TTS
conditions are matched to this budget (within a
small tolerance) to isolate allocation effects from
total compute.

4 Results

We like to answer the two key research questions:
RQ1: Do judge-guided, test-time—scaled reports
align with human expert preferences? (§4.1)
RQ2: Given alignment, how far can we scale qual-
ity under a fixed compute budget? (§4.2-§4.5)
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Figure 5: Effects of pruning ratio p on compute allocation and quality. (a) Higher p shifts compute from
within-run breadth (fewer reports per run) to cross-run exploration (more runs). (b) The mean score increases
with stronger pruning and peaks at p = 0.6, while the standard deviation generally decreases, indicating improved
stability in report quality. (c) Increasing p removes the low-quality tail and shifts the score distribution upward.

4.1 Judge Selection via Human Alignment

Table 2 shows that the harsh judger best aligns with
human preferences across both datasets (highest 7
and p), with a relatively strong inter-rater agree-
ment reflected by W. We adopt it as the pseudo
ground-truth objective for all subsequent Selective
TTS experiments. This establishes (i) a modular,
auditable pipeline with exposed intermediate arti-
facts, and (ii) a human-calibrated scalar reward that
is sufficiently discriminative to guide stage-wise
pruning. We demonstrate that selective, stage-wise
pruning improves mean insight quality and reduces
variance under a fixed compute budget, providing a
practical recipe for scaling visual insight generation
when rewards are unavailable.

A representative example of the human prefer-
ence comparison, shown together with the cor-
responding judger scores, is provided in Ap-
pendix §D.5. Further details on the annotation inter-
face, protocol, and rater calibration procedure can
be found in Appendix §D.3 and Appendix §D.4.

4.2 Selective Pruning for Scaling

We test whether Selective TTS improves overall
report quality under a fixed compute budget. Figs.
Sa- 5c summarize results.

Compute Allocation under Pruning. As p in-
creases, the total number of final reports (i.e., chart-
insight pairs) decreases substantially (Fig. 5a, right
axis and Tab. 4), since weak branches are discarded
early. Under the same overall budget, this enables
more independent runs (left axis), trading within-
run breadth for cross-run exploration. The total
number of reports is not simply Runs - n3 with
n’, = max(1, [(1—p) bs]), because some branches
fail quality gates or execution and are dropped;
when n/, = 1 (e.g., p = 0.8), each surviving run
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Figure 6: Ablation. Average scores comparing Selec-
tive TTS with Random Pruning and Final Stage only
(Insight-Only) Pruning across varying pruning ratios p

deterministically yields one report. Pruning adds
lightweight judging overhead but recovers budget
by avoiding low-quality generations downstream,
netting a better allocation under the same total calls.

Quality and Stability. Fig. 5b shows that mean
scores increase steadily from p = 0 to p = 0.6
(from 61.64 to 65.86), accompanied by a clear re-
duction in variance (from 13.36 to 8.16). However,
at p = 0.8 (best-of-N at each stage) the average
score drops and the variance rises. This degradation
may stem from over-pruning: stage-local evalua-
tors are not always aligned with the final judger,
and stronger pruning can amplify these misalign-
ments, potentially removing a larger number of
high-quality candidates. Sorted curves (Fig. 5c)
show that the lower tail is pruned away and the
distribution shifts upwards, while top scores are
preserved. Together, these trends indicate that Se-
lective TTS concentrates compute on promising
directions, yielding higher mean quality and lower
variance under a matched budget. Detailed num-
bers appear in Appendix §E.3, Table 4.

4.3 Ablation Study

To clarify the role of stage local pruning in Selec-
tive TTS, we conduct two ablation studies: replac-
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Top 20 Most Frequent Keywords Across Papers

Comparison of Citations Between Aminer and CrossRef
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Several keywords, such as *Dimensionality reduction,’

’Time-varying data,” and 'Ensemble data,’ have similar
frequencies (3), indicating that these topics are equally

important but distinct areas of inquiry. This suggests a

diverse set of challenges and methods being explored in

handling large and dynamic datasets. Researchers looking
to innovate might explore novel combinations of

dimensionality reduction techniques with ensemble data
analysis, particularly when dealing with temporal data.

There appears to be a cyclical pattern in the publication
trend, with periods of growth followed by stabilization or
slight decline. For instance, after the initial growth phase upward-sloping red regression line. This suggests that as the citation

ending in 2004, the number of publications shows stability count in Aminer increases, there is a corresponding increase in the
or minor declines in subsequent years. However, there is a
resurgence of growth starting around 2015, leading to
another peak in 2020. This cycle may reflect periodic
cycles in funding, attention, or major discoveries within the
field. Understanding these cycles could help stakeholders most points are near the line, there are outliers such as the paper with

0 500

1000 1500 2000 2500

Aminer Citation Count

o0 3500
The scatter plot reveals a positive correlation between Aminer
Citation Count and CrossRef Citation Count, as indicated by the

citation count reported by CrossRef. However, the scatter of data
points around the regression line implies variability in this

relationship, meaning some papers may have citation counts that

deviate significantly from the expected trend. For example, while

Conference organizers or professional associations in the anticipate periods of increased activity and plan resources approximately 3700 Aminer citations but only 400 CrossRef citations.

field could plan panel discussions or workshops focusing on
these interconnected areas to facilitate knowledge sharing
and collaboration among experts.

accordingly. For example, research institutions might
increase their focus on grant proposals and collaboration  citations or differences in their coverage of certain publication types
efforts ahead of expected growth phases, as seen leading up or fields. Given this variability, actors like researchers or publishers
to the peaks in 2004 and 2020.

This could indicate discrepancies in how these platforms count

might need to consider both citation databases and cross-reference
results to ensure a more accurate understanding of a paper’s impact.

Figure 7: Generated reports for p = 0.6 at the low (32.92), medium (58.3), and high scores (84.2).

ing all stage local evaluators with random sampling,
and applying pruning only at the final insight stage.
These ablations disentangle whether the gains stem
from the full selective mechanism, or from late
stage ranking or random exploration. For fair com-
parison, all experiments are run in a small scale
setting with eight runs for the Selective TTS base-
line, and the LLM call budget is matched across all
conditions. Details are reported in Appendix §E.4.

Random Sampling. Based on Fig. 6, results
show that random pruning yields substantially
worse performance, with mean scores decreasing
as p increases, despite similar or larger computa-
tion. This indicates that unguided pruning harms
overall quality, suggesting that stage-local evalua-
tors provide meaningful global benefits by filtering
unpromising branches early.

Final Stage only Pruning. When pruning is ap-
plied only during insight generation (Fig. 6), per-
formance remains largely unchanged at small prun-
ing ratios and shows only modest gains under ag-
gressive pruning, which are substantially smaller
than those achieved by full Selective TTS. Even
at p = 0.8, where insight only pruning effectively
resembles a best-of-N selection over final reports,
performance still lags behind full Selective TTS.
Because earlier stages are not pruned, many low
quality branches persist to the final stage, limiting
the impact of late stage selection alone.

4.4 Robustness of Scaling

In the following analyses, we examine whether
the scaling behavior of Selective TTS is robust

across multiple dimensions to address the following
questions:

1) Budget accounting. Does the observed scal-
ing behavior depend on using LLM calls versus
token-level compute budgets?

2) Backbone. Does Selective TTS generalize
across different generator-judger model families?

3) Decoding parameters. 1s scaling behavior
sensitive to decoding strategies and generation di-
versity?

4) Dataset generalization. Does Selective TTS
transfer beyond the VIS Publication dataset to other
data domains?

5) Insight length. Does variation in prompt-
controlled base insight length affect the scaling
behavior of Selective TTS?

Across all five dimensions, we observe consis-
tent and stable scaling trends: stage-wise pruning
reliably improves performance, and the qualita-
tive behavior of Selective TTS is preserved across
compute definitions, model backbones, decoding
regimes, datasets, and base insight length varia-
tions. Detailed experimental setups and qualitative
analyses are provided in Appendix §E.5.

4.5 Human Evaluation of Generated Reports

We sample reports with low, medium, and high au-
tomatic scores across all pruning ratios and collect
pairwise preferences from four annotators.

Qualitative Evaluation Within each pruning ra-
tio, higher scoring reports are consistently more
focused, evidence grounded, and reliable. For ex-
ample, at p = 0.6 (Fig. 7), the lowest scoring report
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Reports Kendall’s 7 (1) Spearman’s p (1) Kendall’s W
Low (24.58+13.94) 0.70+0.10 0.824+0.08 0.7875
Medium (54.83+6.63) 0.304+0.41 0.384+0.45 0.2750
High (84.67+0.49) -0.154+0.17 -0.17£0.19 0.1250

Table 3: Alignment metrics between the harsh judger
and human ratings for reports sampled from low,
medium, and high scoring across all pruning ratios. The
alignment decreases in high-quality reports, as the dif-
ferences become subtle and indistinguishable and anno-
tators rated these top reports comparably strong.

contains only surface-level keywords, the mid scor-
ing report summarizes overall publication trends,
and the highest scoring report explains why certain
outlier papers show different citation counts across
two citation systems.

Increasing p generally improves overall report
quality. Even low scoring reports at p = 0.8 are
more coherent and analytical than those at smaller
p (see Fig. 18 in Appendix §F). High scoring re-
ports become similarly informative while remain-
ing diverse in perspective; for instance, p = 0.8 fo-
cuses on citation discrepancies and outlier samples,
whereas p = 0.4 highlights anomalies in paper
length (Fig. 19 in Appendix §F).

Pairwise Quality Ranking Annotators judged
high-quality reports to be comparably strong, as
reflected by the low variance in preferences and
largely indistinguishable ratings reported in Ta-
ble 3. This trend is further illustrated in Fig. 17
in Appendix §F, where mean annotator rankings
across pruning ratios increasingly converge for the
highest-ranked reports, indicating that strong re-
ports become difficult to distinguish as their quality
improves. Overall, these results suggest that Se-
lective TTS raises the quality floor while simul-
taneously reducing variability among top-ranked
outputs, leading to more consistent and reliable
insights. Additional qualitative examples and dis-
cussion are provided in Appendix §F.

5 Related Work

Test-Time Scaling in LLM Agents. Test-Time
Scaling (TTS) enhances LLM performance by al-
locating more inference-time compute (Snell et al.,
2024; Liu et al., 2025b). Existing approaches
are either sequential—performing iterative self-
refinement or reasoning loops (Madaan et al., 2023;
Gou et al., 2024; Zhu et al., 2025; Muennighoff
et al., 2025)—or parallel, sampling multiple candi-
dates for reward-based aggregation (e.g., Best-of-
N (Sun et al., 2024), tree search (Yao et al., 2023)).

Recent studies extend TTS to multi-agent or inter-
active settings, redistributing compute across rea-
soning, planning, and verification modules (Zhu
et al., 2025; Wang et al., 2025a; Yang et al., 2025;
Jin et al., 2025). However, these methods mainly
emphasize temporal refinement within a single rea-
soning loop. Our work instead formulates a stage-
wise TTS that reallocates compute across agents,
mitigating judge error propagation and enabling
interpretable scaling under fixed budgets.

Data Science Agents and Visual Insight Gen-
eration. LLM-based agents increasingly auto-
mate data-centric workflows like exploratory anal-
ysis, code generation, and visualization. Early sys-
tems like Google’s Data Science Agent (Google
Labs), DS-Agent (Guo et al., 2024), and Datalnter-
preter (Hong et al., 2024) demonstrated end-to-end
automation but remained template-driven and de-
scriptive. Later variants extend to domains such as
genomics (Liu et al., 2024), ML benchmarking (Liu
et al., 2025a), and healthcare (Merrill et al., 2024).

Recent work further explores visual insight gen-
eration, where LLMs interpret and contextualize
charts (Wang et al., 2025b; Zhao et al., 2025b,a),
informed by studies on human insight evalua-
tion (Law et al., 2020; He et al., 2021; Lian et al.,
2025). However, most systems remain single-pass
without inference-time optimization or stage coor-
dination. We instead adopt this task as a restbed
for selective, stage-wise TTS, enabling structured
multi-agent reasoning and adaptive compute allo-
cation across the pipeline.

6 Conclusion

In this work, we reframed unverifiable insight gen-
eration as a fest-time scaling problem and proposed
Selective TTS, a process-based, stage-wise pruning
strategy guided by lightweight LLLM-based eval-
vators. Building on an end-to-end multi-agent
pipeline for chart-grounded insight generation, we
introduced judger selection via human alignment
and formulated compute usage in terms of LLM
calls. Our experiments demonstrated that selective
pruning under a fixed budget progressively reduces
variance, improves average final report quality, and
enables broader exploration across runs without
requiring additional resources. This study closes
a gap between generic reasoning agents and data-
centric decision support, showing how LLM-as-
Judgers can provide a principled mechanism for
scaling unverifiable reasoning.
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7 Limitations

Our study has several limitations. First, we evalu-
ated only five datasets, which may not fully capture
the diversity of real-world data science tasks. Sec-
ond, although we explored larger compute budgets
and an alternative dataset, the overall compute scale
and dataset coverage remain moderate.

Future work could address these limitations in
several directions. In particular, expanding dataset
coverage and model diversity would enable a more
comprehensive evaluation. It would also be valu-
able to explore a wider range of parameter config-
urations, such as varying the branching factor and
pruning ratio, to better understand their effects on
selective scaling behavior. Beyond visual insight
generation, an important direction is to extend the
proposed Selective TTS framework to other unver-
ifiable generative tasks, such as story generation
and video generation, where similar challenges of
scalability and evaluation arise.

Potential risks. As our framework automates un-
verifiable insight generation, there remains a risk
of producing biased or misleading conclusions if
model judgments are misaligned with human rea-
soning. We therefore emphasize that such systems
should be used to assist, rather than replace, human
analysts, with appropriate calibration, transparency,
and human oversight.

8 Ethical Considerations

The proposed SelectTTS framework does not in-
volve the collection of sensitive user data, nor does
it rely on any personally identifiable information.
All datasets used are publicly available and con-
tain only aggregated, non-sensitive tabular records.
Human annotations were conducted voluntarily by
researchers with prior experience in data visualiza-
tion, without financial incentives, and no personally
identifying information was collected.

The goal of this study is methodological, aiming
to understand how inference-time compute alloca-
tion affects reasoning quality, rather than to deploy
autonomous data science systems. Nevertheless,
automated insight generation carries potential so-
cietal and epistemic risks, including over-reliance
on synthetic or unverifiable insights, amplification
of bias from training data, and misinterpretation of
automatically generated visual explanations.

We encourage responsible deployment by main-
taining human oversight in critical decision-making

contexts, transparently reporting model provenance
and parameters, and discouraging the use of auto-
matically generated insights for policy or medical
decision-making without expert verification.
Finally, all experiments were conducted under
controlled research environments, and no addi-
tional environmental or privacy risks were intro-
duced beyond standard LLM inference workloads.
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A Use of LLMs

We used ChatGPT(chatgpt.com) to generate struc-
tured sentences as placeholders then paraphrased
and refined in our own words.

B Datasets

We conduct all experiments on six public datasets
designed for visualization-based reasoning and data
analysis tasks: VIS Publication (Isenberg et al.,
2017), Medical Insurance (Abdelghany, 2021), Di-
abetes (Khare, 2020), Education Performance (Fa-
tima, 2023), Customer Shopping Behavior (Sid-
diqa, 2022), and the World Happiness Report (But-
tar, 2023). All datasets are publicly available and
released under open research licenses (e.g., CC-BY
4.0). They contain structured tabular data paired
with visualizations, enabling evaluation of chart-
grounded insight generation.

VIS Publication. The VIS Publication dataset is
curated from data tables used in published IEEE
VIS conference papers. Each sample consists of a
structured data table with multiple numerical and
categorical attributes, from which candidate visual-
izations and corresponding descriptive insights can
be derived. The dataset covers a diverse range of
visualization types (e.g., bar, line, scatter, stacked
area) and real-world analytic topics such as demo-
graphics, performance metrics, and experimental
results.

Medical Insurance. The Medical Insurance
dataset contains synthetic records generated from
an open statistical dataset describing personal at-
tributes (e.g., age, BMI, smoking status, number
of children, and insurance charges). It is widely
used in data-science education and benchmarking
for visualization and regression analysis.

Diabetes. The Diabetes dataset contains clinical
measurement records collected from patient exami-
nations. Each row includes numerical health indica-
tors such as glucose concentration, blood pressure,
skin thickness, insulin level, BMI, and pedigree
function, alongside a binary attribute indicating di-
abetes status. The dataset consists of structured
samples combining numerical and binary categori-
cal variables.

Education Performance. The Education dataset
provides student-level records containing demo-
graphic descriptors, study behavior variables, and
academic performance measurements. Attributes
include gender, parental education, study time, at-
tendance, and exam scores across multiple subjects,
represented through both categorical and numerical
fields.

Customer Shopping Behavior. The Shopping
Behavior dataset consists of customer transaction
entries from a retail setting. Each record includes
product category, unit price, purchase quantity, cus-
tomer segment, and transaction date. The dataset
integrates numerical purchase information with cat-
egorical descriptors of customers and products.

World Happiness Report. The Happiness
dataset aggregates annual country-level indicators
reported in the World Happiness Report. Each
entry describes socioeconomic and well-being met-
rics such as GDP per capita, social support, healthy
life expectancy, freedom, generosity, and corrup-
tion perception. The dataset is composed of numer-
ical indicators organized by country and year.

Usage and Licensing. Both datasets are used
solely for academic research. No personally iden-
tifiable information is included in any record. All
visualizations and insights used in our experiments
were automatically generated by our pipeline or
verified through human calibration.

C Additional Results on Medical
Insurance Dataset

Observation from Scaling Graph. Fig. 8 shows
the sorted overall score curves on the Medical In-
surance dataset under the three judgers (easy, mod-
erate, and harsh).

D Human Annotation

To assess how well the automatic judger aligns
with human reasoning, we conducted a structured
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Setting Runs Total Final Reports  Score (Avg. = Std.) Gen. Budget Prune Budget
Baseline (p = 0) 15 1435 61.64 + 13.36 2567 0
p=0.2 22 1128 63.35 + 10.56 2240 384
p=04 40 876 65.24 + 8.81 2117 439
p=0.6 79 578 65.86 + 8.16 2032 522
p=038 197 197 64.97 + 8.48 1970 591

Table 4: Main results under different pruning ratios p on the VIS dataset. Selective TTS progressively reduces the
number of final reports while improving average quality under a comparable LLM-call budget.
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Figure 8: Sorted overall score curves under three judgers
(easy, moderate, harsh) on Medical Insurance dataset.

human annotation study. This section outlines the
overall evaluation framework, including (1) the ex-
perimental setup and report generation configura-
tion, (2) the rank-based correlation metrics used to
quantify alignment, (3) the annotation interface and
protocol for pairwise comparison, (4) the calibra-
tion procedures ensuring annotation consistency,
and (5) illustrative examples comparing human and
model preferences.

D.1 Experimental Setup and Report
Generation Configuration

Sorted Index Curves. We make use of the Sorted
Index Curves to sample at regular intervals for
each judge. This is because, in contrast to refine-
ment based TTS methods (Madaan et al., 2023),
we may parallelize the production of each final re-
port separately given there are no dependencies be-
tween the reports. So, rather than induce a time di-
mension through arbitrary sampling (which would
allow a more direct comparison to TTS with re-
finement), we instead present the results of many
reports sorted in order of the judge scores. We
then vertically stratify-sample reports at the 0%,
25%, 50%, 75%, and 100% score quantiles for
each judger. Pairwise comparisons among these
five quantile-selected reports yield 3 x (g) =30
representative evaluation points for human prefer-
ence assessment. For instance, Fig. 4 in §3.1 shows
an example sorted score curves by three judgers in

§2.1 and five vertical quantiles chosen for human
alignment evaluation.

Human Preference Annotation and Agreement.
The sample points are used to collect pairwise pref-
erences from four annotators who have extensive
experience in data science and visualization. From
these annotations, we first form a consensus human
ranking 7 and evaluate the alignment between each
judger’s ranking r; and 7 using Kendall’s 7 and
Spearman’s p . To ensure that the consensus 7 is
itself reliable, we also compute Kendall’s coeffi-
cient of concordance W to assess the inter-rater
agreement among annotators. A sufficiently high
W indicates that human preferences are stable and
do not exhibit severe internal misalignment. Defi-
nitions of all three metrics are provided in the §D.2.
We then identify the pseudo ground-truth judger
7 by selecting the judger with the strongest agree-
ment with human rankings:

j = arg max (Tj + pj).
J

The resulting pseudo ground-truth corresponds to
the judger most consistent with human judgment
(our alignment evaluation are described in §4.1).

D.2 Kendall’s 7, Spearman’s p, and Kendall’s
W

To quantify the rank-based alignment between the
model-judged ordering r; of sampled final reports
and the consensus human ranking #, we employ
three classical non-parametric statistics: Kendall’s
7, Spearman’s p, and Kendall’s 1V,

Kendall’s 7. Given two rankings r; and 7 over
n items, Kendall’s 7 evaluates their agreement by
comparing all %n(n — 1) item pairs:

C-D
sn(n—1)

T] =

where C and D are the numbers of concordant
and discordant pairs, respectively. A pair (i, j) is
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concordant when the two rankings order ¢ and j in
the same direction:

(rs (i) = rs(7))(#(@) = 7(5)) > 0.

7y ranges from —1 (perfect inversion) to 1 (per-
fect agreement), with 0 indicating no systematic
correlation. Because it focuses solely on pairwise
orderings, 7 is relatively insensitive to large but
localized rank shifts.

Spearman’s p. Spearman’s rank correlation co-
efficient instead measures global monotonic agree-
ment by comparing the squared distances between
the assigned ranks:

63 iy (ra (i) — 7(i))
n(n? —1) '

pr=1-

Equivalently, it is the Pearson correlation computed
over the rank vectors themselves. Like 77, its value
lies in [—1,1]. Compared to Kendall’s 7, Spear-
man’s p penalizes large rank deviations more heav-
ily and therefore captures broader structural differ-
ences between the two orderings.

Kendall’s W. While 7 and p describe pairwise
agreement between two rankings, Kendall’s coeffi-
cient of concordance W measures the overall con-
sistency across m annotators ranking the same n
items. Let RR.; denote the sum of ranks assigned
to item 7, and let R be their mean. Kendall’s W is
defined as:

m?(n3 —n)

W ranges from 0 (no agreement beyond chance) to
1 (perfect concordance among annotators). Higher
values indicate that human annotators produce
closely aligned rankings, while lower values re-
veal substantial disagreement. In our setting, W
establishes the intrinsic consistency of human judg-
ments themselves, contextualizing how well each
Judger aligns with human preferences.

Interpretation. Kendall’s 7 emphasizes fine-
grained pairwise ordering consistency; Spearman’s
p captures global monotonic structure and penal-
izes large rank deviations; Kendall’s W summa-
rizes multi-annotator agreement. Together, these
metrics offer complementary perspectives on how
closely a Judger’s ranking r; aligns with the hu-
man consensus 7 and how much inherent variability
exists within human annotations.

D.3 Annotation Interface and Protocol

Fig. 9 illustrates the human annotation interface
used in our study. The interface consists of two
main sections: the upper panel (Fig. 9a) and the
lower panel (Fig. 9b).

Interface Layout. The left sidebar (shared across
both panels) displays annotator metadata, includ-
ing the Annotator ID, the selected Dataset (e.g.,
VIS_phase_2), and the corresponding Annotation
Sequence. Each annotation session sequentially
presents a set of paired final reports, where each
pair consists of two chart—insight final reports to
be compared.

The upper panel shows the visual comparison
interface: two reports (left and right) are displayed
side by side, each containing one visualization and
its associated insight text. For a sequence of length
n, all possible (g) pairs are constructed for pair-
wise comparison, with both the pair order and the
left-right positioning randomized to prevent bias.

The lower panel presents the interactive rating
sliders used for detailed comparison along mul-
tiple rubric dimensions: Trustworthy / Plausible,
Complex, Unexpectedness, Actionability, Domain
Value, Effectiveness, and Expressiveness. Note
that, for illustration purposes, not all dimensions
are shown in the figure due to layout constraints.
Raters are asked to assess which report performs
better on each dimension before making an over-
all decision. This multi-dimensional evaluation
encourages more deliberate reasoning, leading to
more consistent and reliable judgments.

Annotation Protocol. Annotators are also en-
couraged to provide a short textual justification
(“Explain your choice’) to record their reasoning
process. Finally, they indicate the overall better re-
port (Left is better or Right is better). Across all (%)
comparisons, the number of “wins” for each report
is aggregated to obtain a global ranking within the
sequence. All results are automatically logged and
synchronized to our central server for aggregation
and further analysis.

D.4 Rater Calibration and Adjudication

Before the formal annotation process, all raters un-
derwent a brief calibration phase to ensure a con-
sistent understanding of the task and rubric. Each
rater first reviewed the corresponding dataset and
several representative examples to familiarize them-
selves with the data characteristics.
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(a) Upper panel of the interface displaying two chart—insight
reports for side-by-side comparison.

(b) Lower panel showing rubric sliders and overall selection
interface.

Figure 9: Human annotation interface used for pairwise comparison of visual-insight reports. The interface consists
of an upper comparison panel and a lower evaluation panel.

All annotators were graduate students with prior
experience in data visualization and analytic rea-
soning, ensuring familiarity with interpreting charts
and evaluating insights.

For each dataset, a designated pilot annotation
sequence was jointly reviewed by all raters. Dur-
ing this session, raters discussed their interpreta-
tions of each rubric dimension and aligned their
criteria for scoring and pairwise comparison. This
collaborative calibration helped reduce ambiguity
and improve inter-rater reliability in the subsequent
individual annotations.

After formal annotation, all results were checked
for potential anomalies such as inconsistent ranking
cycles or missing comparisons. Whenever such
irregularities were detected, the affected rater was
asked to re-annotate the corresponding sequence
to ensure validity and consistency across the final
results.

D.5 Example of Human-Judger Preference
Comparison

Fig. 10 illustrates one representative pairwise com-
parison from the human annotation interface, show-
ing two visual-insight reports displayed side by
side along with their corresponding judger scores
and human annotator preferences. Each annotator
independently selected which report they consid-
ered better overall, and the aggregated preferences
are shown for illustration. Note that in the actual
annotation process, the judger scores were not vis-
ible to annotators; they were only added here for
post-hoc comparison and visualization purposes.

E Supplementary Analysis and Results
for Experiments

This section provides extended analyses and sup-
plementary experiments that complement the main

findings presented in the paper. We begin by deriv-
ing the theoretical compute complexity of a single
pipeline run and elucidating how pruning affects
the overall budget (§E.1). We then describe the bud-
get—matching procedure used in our experiments
to ensure fair comparisons across pruning ratios p
(§E.2). Following these methodological founda-
tions, we report detailed quantitative results for the
main experiments (§E.3), including run counts, fi-
nal report statistics, and score distributions under
matched compute conditions. We further present
comprehensive ablation studies (§E.4) that exam-
ine the contribution of each stage’s pruning strategy
and compare Selective TTS to several simplified
baselines. Finally, we provide robustness analyses
across budget formulations, backbone models, and
decoding configurations (§E.5), offering a broader
evaluation of the consistency and generality of Se-
lective TTS.

E.1 Derivation of Budget Complexity

Formula
We derive the approximate compute com-
plexity of a single pipeline run under
pruning ratio p. For each stage s €

{data profiling, visualization, insight generation},
let b denote its branching factor, and let

nl, = max(l, [(1— P)bSD

denote the number of retained candidates after prun-
ing at stage s.

Budget Accounting. For each run, the budget is
computed as follows:
* Profiling: +b, call for metadata reports genera-
tion, and +1 for pruning (if applied).
* Visualization: for each metadata report (pro-
file), +1 for visualization direction generation,
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The dramatic decline in academic paper downloads (Xplore) starting
around 2020 and continuing to 2024 suggests a significant shift in how
researchers access scholarly content. This trend may reflect a growing
preference for alternative platforms or open-access resources, possibly due
to increased awareness of open science initiatives or changes in
institutional policies promoting open repositories. Given that citations
(Aminer) have remained relatively stable over the same period, this
divergence implies that while researchers continue to cite papers as before,
direct access through Xplore has diminished. Academic institutions and
publishers should consider investing in user-friendly open-access platforms
to maintain accessibility. A potential action could involve launching or
optimizing open-access databases, with a goal to see downloads stabilize or

rise by 2026, matching pre-2020 levels.
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The popularity of conferences, as measured by the number of papers

Annotation 1: Left one is better submitted, has shown a consistent decline over time, starting from 1997 to

2024. This trend suggests a possible shift in research focus or declining

interest in this particular conference series over nearly three decades. For

Annotation 2: Left one is better

decision-makers such as conference organizers or academic bodies

responsible for these events, investing resources into understanding and

Annotation 3: Left one is better reversing this decline could be critical. A potential next step would be to

analyze the demographic of attendees or paper submissions for the year

2023, to determine if there is a notable drop-off among specific groups of

Annotation 4: Right one is better

researchers (e.g., early-career vs. senior researchers). If confirmed,
initiatives to attract new participants (e.g., targeted outreach programs or
collaboration with industry partners) could be prioritized within the next

12 months to stabilize or increase conference participation.

Figure 10: Representative example of a human—judger preference comparison.

and +1 call for pruning (if applied).

* Chart Rendering: +2 calls per visualization
direction (code generation + chart quality veri-
fication).

* Insight generation: For each verified chart, 41
for insight drafting, 41 for pruning (if applied).

* Judge Verification: +1 call per chart-insight
pair (final report) for quality evaluation

Based on this budget accounting, we can derive the
per-run budget complexity.

Exact Budget Decomposition. The total com-
pute budget of a single run can be decomposed by
enumerating all major LLM calls performed across
stages. Specifically, the run-level budget can be
written as

Brn(p) = bs +I[p > 0]

’
nl

+ 3 (14Tl > 0] + 20+ [Vil + Villlp > 0] + Vil ).
=1

where |V;| denotes the number of visualization
candidates generated from the i-th retained meta-
report that pass chart verification. By construction,
|Vi| € {0,1,...,n.} and may vary across different
branches.

The terms correspond to the following opera-
tions:

* bs + I[p > 0]: metadata report generation (b
LLM calls), with optional pruning;

1 +1I[p > 0]: for each metadata report, visu-
alization direction generation (1 call) and op-
tional pruning;

2n/;: for each retained visualization direction,
chart code generation (1 call) followed by chart
quality verification (1 call);

|V;|: for each verified chart, insight generation
(1 call);

|V;i|I[p > 0]: optional pruning applied to gen-
erated insights;

|Vi|n: for each verified chart, n/, candidate
reports are retained and evaluated by the stage-
specific judger.

Expectation-Based Simplification. Since |V
varies across branches, we analyze the expected
budget. Let p, € [0, 1] denote the chart verifica-
tion pass probability for an individual visualization
candidate within a branch (i.e., the probability that
a generated chart passes the verification check and
is kept for downstream insight generation). Under
this formulation, |V;| denotes the number of veri-
fied charts among the n/, attempted visualizations
generated from the ¢-th retained meta-report. Since
each chart passes verification independently with
probability p,,, we model |V;| as a binomial random
variable with n/, trials and success probability p,,
which implies E[|V;|] = p,n’. Taking expectation

34551

15



over all branches yields

,
E[Ban(p)] = be + T[p > 0] + ZIE[l +T0p > 0] + 20, + Vil + [VilT[p > 0] + \Vl\n;}
i=1
=by+1[p> 0]+ n;(l +1[p > 0] + 20, + B[Vi[] + B[|Vi[]I[p > 0] + E[\v;\]n;)

=bs+1[p> 0] +n) (1 +1[p > 0] + 20}, + pynl, + pyntIfp > 0] +p1,u’s2).

Expanding and regrouping terms by order, we ob-
tain

E[Bun(p)] = O(bs + 0l + (24 po)nl? +p,U‘rL_’93) + O(]I[p > 0] (1+nl +p1,71;2)) .

Expected Generation Budget Expected Pruning Overhead

Asymptotic Form. Dropping constants and
lower-order terms, the dominant budget complexity
becomes

E[Bun(p)] =~ O(Pv”,/sg)

Generation Budget

+ O(I[p > 0] p,n?),
—_——

Pruning Budget

E.2 Budget Controlling

For each pruning ratio p, we would like the total
compute used by Selective TTS to be comparable to
a baseline system with no pruning. Let B* denote
the target baseline budget at p = 0 (either measured
in LLM calls or output tokens, depending on the
experiment). For a fixed p, let b, ; be the budget
consumed by the i-th run, and let

B = En:bm.
=1

denote the cumulative budget after n runs. Our

goal is to choose a number of runs n; such that
(ng)

B,”

Step 1: Initial approximation. For each pruning
ratio p, we first obtain a rough estimate of the typi-
cal per—run cost b, ; from a small number of pilot
runs.> Based on this estimate, we select an initial
number of runs ng (smaller than the baseline run
count) and execute these runs, yielding an initial
cumulative budget

no
Bgno) == pr;“
=1

which is chosen such that it under-approximates
but remains close to the target budget:

is as close as possible to B*.

Bg"0><B* and Bf;w)zB*.

Step 2: Incremental refinement. We initialize

*In practice, this can be as simple as running a few prelim-
inary runs and taking their empirical statistics.

the refinement phase with n = ng and track the
remaining budget gap

A = p*— B,

We then add runs one at a time:

(n+1)

B,

continuing this process until we reach the first
index n™ for which B,(,"ﬂ > B*. Letn” =nT—1
denote the previous index, for which BS" ) < B*.
Step 3: Choosing the final run count. We then

select the run count whose cumulative budget is
closest to the target:

min ‘B/g”) - B*|.
ne{n—,nt}

n*

, = arg

In other words, we compare BY" ) and B,(]ﬁ) and
keep whichever is nearer to B*. This procedure
ensures that, for each pruning ratio p, the total
compute B,(,n;) is tightly matched to the baseline
budget B*, while remaining deterministic and re-
producible. We apply the same procedure both
when budgeting in terms of LLM calls and when

budgeting in terms of output tokens (cf. Fig. 11).

E.3 Detailed Results for Main Experiments

Table 4 reports the full quantitative results for Se-
lective TTS under different pruning ratios p on the
VIS Publication dataset. These values correspond
to the performance trends visualized in Fig. 5, and
include the number of runs executed, the total num-
ber of final reports generated, the average score
and standard deviation, and the compute budgets
allocated to generation and pruning.

As pruning becomes stronger, the number of
runs increases while the number of final reports de-
creases, reflecting the shift from within-run breadth
to cross-run exploration under a matched compute
budget. Mean scores improve steadily from p=0
to p=0.6 (from 61.64 to 65.86), accompanied by
a substantial reduction in variance (from 13.36 to
8.16), indicating both higher quality and greater
stability. At p=0.8, average scores decline slightly
and variance rises, consistent with the risk of over-
pruning discussed in the main text.

E.4 Detailed Results for Ablation Study

Fig. 6 visualizes the comparative behavior of Se-
lective TTS, Random Pruning, and Insight-only
Pruning across pruning ratios p. Tables 5, 6, and
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Setting Runs Total Final Reports Score (Avg. = Std.) Gen. Budget Prune Budget

Baseline (p = 0) 8 805 61.20 + 13.02 1435 0

p=0.2 12 644 63.08 + 10.78 1270 218
p=04 24 498 65.52 + 8.29 1211 251
p=0.6 45 324 65.70 + 8.10 1146 294
p=0.8 110 110 65.08 + 7.97 1100 330

Table 5: Selective TTS under different pruning ratios p on the VIS Publication dataset (small-scale setting).

Setting Runs Total Final Reports Score (Avg. = Std.) Gen. Budget Prune Budget
Baseline (p = 0) 8 805 61.20 £ 13.02 1435 0
p=02 16 696 62.05 + 12.74 1418 0
p=04 28 573 60.88 + 13.09 1443 0
p=20.6 60 382 58.59 £+ 14.49 1438 0
p=0.8 144 144 59.75 £ 14.06 1440 0

Table 6: Random pruning baseline under different pruning ratios p (small-scale setting).

Setting Runs Total Final Reports Score (Avg. = Std.) Gen. Budget Prune Budget
Baseline (p = 0) 8 805 61.20 + 13.02 1435 0

p =02 9 608 60.34 £+ 14.59 1223 152
p=04 13 564 60.18 &+ 14.47 1323 188
p=0.6 12 410 61.73 £ 14.12 1225 205

p =028 14 244 62.60 + 12.98 1207 244

Table 7: Insight-only pruning under different pruning ratios p (small-scale setting).

Setting Runs Total Final Reports  Score (Avg. + Std.) Gen. Tokens Prune Tokens
Baseline (p = 0) 15 1435 61.64 £ 13.36 2545971 0
p=0.2 24 1232 63.43 £ 10.48 2357895 215323
p=04 46 1020 64.97 +9.01 2309491 260884
p=10.6 93 688 65.97 + 8.19 2209659 321396
p=0.8 221 221 65.12 £ 8.59 2190862 353504

Table 8: Robustness to token-level budgeting: results under matched output-token budgets.

Setting Runs Total Final Reports  Score (Avg. + Std.) Gen. Budget Prune Budget
Q-G Backbone

Baseline (p = 0) 8 805 61.20 £ 13.02 1435 0
p=02 12 644 63.08 + 10.78 1270 218
p=04 24 498 65.52 £ 8.29 1211 251
p=0.6 45 324 65.70 + 8.10 1146 294
p=038 110 110 65.08 £ 7.97 1100 330
G—Q Backbone

Baseline (p = 0) 8 788 70.18 + 6.87 1404 0
p=02 12 586 70.83 £ 6.19 1180 202
p=04 22 450 71.93 + 591 1144 234
p=0.6 47 302 72.46 £ 6.64 1124 286
p=0.8 108 108 74.60 + 5.76 1080 324
Q-Q Backbone

Baseline (p = 0) 8 650 71.53 £+ 6.08 1172 0
p=0.2 10 476 73.02 £6.24 969 165
p=04 20 375 73.25 £ 5.51 957 196
p=20.6 38 250 7495 £5.78 930 236
p=0.8 90 90 76.06 + 5.38 900 270
G-G Backbone

Baseline (p = 0) 8 747 59.68 £ 13.67 1344 0
p=02 11 590 60.76 + 13.74 1171 201
p=04 19 467 63.60 £ 10.95 1118 233
p=0.6 41 304 65.60 + 8.99 1072 276
p=0.8 103 103 66.87 + 8.14 1030 309

Table 9: Cross-model robustness: generation—judge backbone combinations (Q-G, G-Q, Q-Q, G-G).
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Setting Runs Total Final Reports  Score (Avg. + Std.) Gen. Budget Prune Budget
Temperature = 0.5

Baseline (p = 0) 8 675 61.38 + 14.10 1224 0

p=02 10 500 63.29 + 12.48 990 170
p=04 18 438 65.53 + 7.95 1024 214
p=0.6 37 280 65.08 +9.22 970 250
Temperature = 0.7

Baseline (p = 0) 8 690 60.71 £+ 13.61 1253 0

p=02 12 560 64.46 + 9.88 1120 192
p=04 19 417 64.59 £+ 10.10 1008 209
p=0.6 39 282 65.39 + 8.82 998 256
Temperature = 1.0 (Original)

Baseline (p = 0) 8 805 61.20 & 13.02 1435 0

p=0.2 12 644 63.08 + 10.78 1270 218
p=04 24 498 65.52 4+ 8.29 1211 251
p=0.6 45 324 65.70 + 8.10 1146 294
Temperature = 1.3

Baseline (p = 0) 6 87 55.14 + 18.39 212 0

p =02 8 54 59.95 £+ 16.33 182 36
p=04 7 40 62.29 + 12.85 167 39
p=0.6 11 28 65.34 £ 8.62 165 45

Table 10: Robustness to decoding variation under different temperatures. All results exclude the p = 0.8 setting due
to instability and high-error execution at extreme temperatures.

Setting Runs Total Final Reports Score (Avg. + Std.) Gen. Budget Prune Budget
Medical Insurance Dataset (Abdelghany, 2021)

Baseline (p = 0) 8 760 62.66 + 10.72 1293 0
p=0.2 10 556 63.98 + 10.76 1060 184
p=04 19 450 64.71 £ 9.57 1059 221
p=0.6 43 292 67.06 + 8.07 1028 264
p=0.8 99 99 69.23 +7.49 990 297
Diabetes Dataset (Khare, 2020)

Baseline (p = 0) 8 725 65.74 + 10.10 1240 0
p=0.2 10 520 66.02 + 11.03 1015 175
p=04 20 417 67.60 +9.19 999 208
p=0.6 40 286 68.53 + 7.34 999 257
p=0.8 95 95 69.78 £ 6.99 950 285
Education Performance Dataset (Fatima, 2023)

Baseline (p = 0) 8 800 62.37 + 10.97 1352 0
p=02 11 584 63.12 + 10.18 1118 194
p=04 21 474 65.24 + 8.79 1108 232
p=0.6 42 310 66.89 + 7.59 1070 276
p =028 104 104 66.69 + 8.47 1040 312
Customer Shopping Behavior Dataset (Siddiqa, 2022)

Baseline (p = 0) 8 805 62.37 + 11.51 1380 0
p =02 13 580 63.63 +9.99 1141 197
p=04 21 474 63.57 + 10.75 1136 236
p=0.6 45 308 64.30 + 10.22 1102 282
p=0.8 106 106 65.38 + 9.84 1060 318
World Happiness Report Dataset (Buttar, 2023)

Baseline (p = 0) 8 715 65.15 + 8.98 1283 0
p=0.2 10 552 65.98 + 8.46 1082 186
p=04 19 429 65.22 +9.37 1038 215
p=0.6 41 282 67.21 + 8.16 1023 261
p=0.8 99 99 70.72 + 8.51 990 297

Table 11: Robustness of Selective TTS across five additional datasets under different pruning ratios p.
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Setting Runs Total Final Reports Score (Avg. = Std.) Gen. Budget Prune Budget Avg. Insight Tokens
Original Prompt

Baseline (p = 0) 8 805 61.20 + 13.02 1435 0 84.50 + 19.62
p=0.2 12 644 63.08 + 10.78 1270 218 85.74 + 19.09
p=04 24 498 65.52 + 8.29 1211 251 88.33 +20.15
p=0.6 45 324 65.70 + 8.10 1146 294 91.78 £ 21.01
p=0.38 110 110 65.08 + 7.97 1100 330 94.24 + 20.54
~130 tokens

Baseline (p = 0) 8 795 65.80 + 13.34 1401 0 129.72 £+ 23.08
p=0.2 12 608 69.74 + 8.54 1216 208 134.56 + 23.61
p=04 20 480 69.58 + 8.81 1146 238 135.11 £ 24.63
p=0.6 43 322 71.35+6.93 1118 288 139.49 + 25.58
p=0.8 108 108 71.77 + 6.73 1080 324 147.11 £ 26.55
~180 tokens

Baseline (p = 0) 8 740 71.15 £ 10.51 1313 0 177.74 £+ 35.48
p=0.2 12 552 72.23 £+ 10.06 1110 190 17476 £ 35.72
p=04 19 465 73.81 £7.24 1093 228 176.82 4+ 35.02
p=0.6 41 300 74.50 + 6.69 1055 271 191.45 + 40.93
p=0.8 101 101 74.83 +7.11 1010 303 196.65 £ 37.53
~220 tokens

Baseline (p = 0) 10 790 74.06 + 10.44 1416 0 222.87 +51.68
p=0.2 15 604 74.97 + 8.78 1226 210 220.49 + 54.22
p=04 25 472 76.84 + 6.39 1154 240 236.39 + 62.93
p=0.6 47 314 77.41 £ 5.59 1126 288 242.31 £ 58.91
p=038 109 109 78.96 + 5.77 1090 327 245.32 + 55.07

Table 12: Robustness to prompt-controlled insight length variation under different insight-generation constraints.
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Figure 11: Effects of Selective TTS with LLM-calls as

budget and Token budget Figure 12: Score improvements (A) achieved by Selec-

tive TTS across four generator—judger backbone combi-
nations (Q-G, G-Q, Q-Q, and G-G).

7 provide the corresponding numerical results, in- E.5 Detailed Results for Robustness Analyses

cluding the number of executed runs, total final
reports, average scores, and compute budgets.

This section provides the full numerical results cor-
responding to the robustness studies reported in
§4.4. Across five dimensions, including budget se-

Across all pruning ratios, Selective TTS con-  jection and accounting, model backbone, decoding

sistently achieves higher mean scores and lower
variance than both ablation baselines, even under
the small-scale setting. Random Pruning shows no
clear improvement trend and exhibits substantially
higher variance, indicating that unguided reduction
of candidates is ineffective for quality preservation.
Insight-only Pruning performs slightly better than
Random Pruning but remains consistently weaker
than Selective TTS, demonstrating that pruning ap-
plied only at the final stage is insufficient to realize
the benefits of structured test-time selection.

configuration, dataset generalization, and prompt-
controlled variation in base insight length, we ob-
serve that Selective TTS produces highly consistent
scaling trends, supporting the reliability and gener-
ality of the method.

Token-Level vs. LLM-Call Budget. To ensure
that using LLM calls as the compute budget does
not distort the observed scaling behavior, we re-
run the full set of experiments while controlling
the total number of output tokens instead of the
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Figure 14: Score heatmap across datasets and pruning
ratios p. Selective TTS shows consistent performance
gains across all datasets.

number of model invocations. Fig. 11 visualizes
the resulting trends in average score and variance
when compute is measured at the token level, while
Table 8 reports detailed statistics, including the
number of runs, the number of final reports, and
the corresponding token-level budgets.

Across all pruning ratios p, the qualitative behav-
ior under token-level budgeting closely mirrors that
observed under LLM-call budgeting. In particular,
mean performance increases from p = 0to p = 0.6
before slightly declining at p = 0.8, and the vari-
ance follows the same decreasing-then-increasing
pattern. The number of runs and the total num-
ber of generated tokens also exhibit highly similar
trends across pruning ratios, indicating compara-
ble exploration—exploitation trade-offs under both
budgeting schemes.

These results confirm that the qualitative scaling
behavior of Selective TTS is preserved when com-

pute is measured at the token level. Consequently,
using LLM calls as the compute budget provides a
faithful proxy for token-level compute. Moreover,
LLM-call budgeting is easier to control and repro-
duce in practice, as token counts can vary substan-
tially with prompt verbosity, chart complexity, and
model-specific generation behavior, whereas model
invocations offer a more stable and environment-
agnostic unit of computation.

Cross-Model Variation. To assess the sensi-
tivity of Selective TTS to the choice of model
backbone and to examine whether its scaling
behavior depends on a particular model fam-
ily, we evaluate four generator—judger back-
bone combinations across two model families:
Q-Q, Q-G, G-Q, and G-G. Here, Q de-
notes Qwen2.5-VL-32B-Instruct and G denotes
GPT-4.1-nano.

For each generator—judger pairing, we first run
the baseline system without pruning (p = 0) for
eight runs in order to estimate a matched compute
budget. We then apply Selective TTS under higher
pruning ratios while keeping the overall compute
comparable. Fig. 12 presents the grouped-bar com-
parison across pruning ratios, showing that all four
backbone configurations exhibit consistent perfor-
mance improvements as p increases. Although
the absolute score levels and gain magnitudes vary
slightly across model families, the qualitative scal-
ing trends remain highly similar.

Table 9 provides the full numerical breakdown
for each backbone pairing and pruning ratio. Taken
together, these results indicate that stronger prun-
ing reliably improves quality across all genera-
tor—judger combinations. This consistency sug-
gests that the observed gains from Selective TTS
generalize across model families and are not driven
by any specific generator, judger, or family-specific
bias.

Sensitivity to Decoding Parameters. Selec-
tive TTS benefits from diverse candidates, as prun-
ing is effective only when the search space contains
meaningful variation. Accordingly, we use high-
diversity decoding by default (temperature = 1.0,
top-p = 0.9) to avoid overly deterministic genera-
tion.

To evaluate sensitivity to decoding choices, we
vary the generator temperature while keeping top-
p fixed, and apply Selective TTS under the same
set of pruning ratios. For each temperature setting,
we first run the baseline system without pruning
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different insight-length regimes.

n/

60

55

0 0.2 0.8

(p = 0) for eight runs to estimate a matched com-
pute budget, and then apply Selective TTS at higher
pruning ratios under this fixed budget. Fig. 13 sum-
marizes the resulting score trends across tempera-
tures, while Table 10 reports detailed statistics for
each p € {0,0.2,0.4,0.6}.

Across temperatures 0.5, 0.7, 1.0, and 1.3, Selec-
tive TTS consistently improves over the baseline,
with higher pruning ratios yielding larger gains. Al-
though a modest dip in performance is observed at
temperatures = 0.5, likely due to reduced diversity
weakening stage-local discrimination, the overall
scaling pattern remains stable. Even as generation
becomes more deterministic at lower temperatures,
Selective TTS continues to provide consistent im-
provements. At extremely high temperatures, ex-
ecution errors increase and the number of usable
runs decreases, as detailed in Table 10.

Overall, these results indicate that Selective TTS
does not rely on a narrow decoding regime and
remains robust as the candidate distribution shifts
from high- to low-diversity generation.

Generalization Across Datasets. To evaluate
generalization beyond the VIS Publication dataset,
we assess Selective TTS on multiple additional tab-
ular datasets spanning diverse semantic domains
and statistical characteristics, including Medical
Insurance (Abdelghany, 2021), Diabetes (Khare,
2020), Education Performance (Fatima, 2023),
Customer Shopping Behavior (Siddiqa, 2022), the
World Happiness Report (Buttar, 2023), and the
Student dataset. Detailed dataset descriptions are
provided in Appendix §B. For each dataset, we first
run the baseline system without pruning (p = 0) for
eight runs to estimate a matched compute budget,
and then apply Selective TTS under higher pruning
ratios.

Fig. 14 visualizes the score trends across prun-
ing ratios for all datasets, and Table 11 reports
the full numerical results. Across datasets, Selec-
tive TTS consistently improves performance as the
pruning ratio p increases from 0 to 0.6, closely mir-
roring the scaling behavior observed on the VIS
dataset. Moderate pruning (p € {0.2,0.4,0.6})
yields steady and reliable gains across all datasets,
indicating that the observed scaling behavior is not
dataset-specific.

Under the most aggressive setting (p = 0.8), out-
comes become dataset-dependent: while several
datasets continue to improve, others show weaker
gains. This suggests that excessive pruning may
over-eliminate promising branches when the data
are noisier or exhibit more complex structure. Over-
all, these results indicate that Selective TTS gener-
alizes robustly across heterogeneous data domains.

Sensitivity to Insight Length. Under the base-
line setting (p = 0), we observe a clear positive
correlation between insight length and final evalua-
tion score: longer insights generally receive higher
scores, likely because they provide richer con-
text, clearer reasoning, and more supporting detail.
Fig. 15 illustrates this association at the instance
level, motivating an investigation into whether Se-
lective TTS remains effective as the length of gen-
erated insights varies.

To disentangle length effects from scaling behav-
ior, we control the average insight length through
prompt-level sentence constraints rather than ex-
plicit token limits (e.g., requiring at least six com-
plete sentences with fully developed reasoning),
and group the resulting outputs into coarse length
regimes. For each regime, we run the baseline sys-
tem without pruning (p = 0) for eight runs to esti-
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mate a matched compute budget and average output
length, and then apply Selective TTS under higher
pruning ratios. Table 12 reports the detailed numer-
ical results for each length setting, while Fig. 16
summarizes the corresponding performance trends.

Across all insight-length regimes, Selective TTS
consistently improves performance as the pruning
ratio p increases, with highly similar scaling trends
observed across lengths. Although higher prun-
ing ratios tend to select slightly longer insights
on average, this effect alone does not explain the
observed gains. First, as shown in §4.3, pruning ap-
plied only at the final insight stage fails to achieve
comparable or stable improvements, indicating that
length-based selection at the last stage is insuffi-
cient. Second, within each length regime, the vari-
ance in average insight length across p € {0,0.4}
remains small (e.g., approximately 4 tokens for the
~85-token setting, 5 tokens for ~130 tokens, 1
token for ~180 tokens, and 13 tokens for ~220 to-
kens), yet meaningful performance improvements
are still observed.

Overall, these results indicate that the gains from
Selective TTS cannot be attributed solely to produc-
ing longer outputs. Instead, Selective TTS remains
effective across a wide range of insight lengths,
demonstrating robustness to variation in output ver-
bosity.
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Figure 17: Mean annotator rankings across pruning ra-
tios. Rankings converge as high-scoring report become
comparably strong. (higher is better)

F Supplementary Examples for
Qualitative Analysis

To complement the human evaluation in §4.5, we
provide additional qualitative examples to illustrate
how report quality evolves across different pruning
ratios (p) and score levels. Specifically, we group
reports into low-, middle-, and high-quality sets
by sampling from the 0%, 50%, and 100% per-

centiles of each p’s score distribution, respectively,
and jointly annotate them across pruning config-
urations. Our analysis primarily focuses on the
low- and high-quality groups, which exhibit clearer
contrasts in both model judgment and human per-
ception. These examples further demonstrate how
Selective TTS raises the lower bound of report
quality while maintaining consistency among top-
performing outputs.

Cross-pruning comparisons (low-quality group).
Fig. 18 compares low-scoring reports across all
pruning ratios. The differences are more pro-
nounced than in the high-quality group (Fig. 19).
At small p, reports are verbose and generic,
whereas increasing p improves logical coherence,
factual grounding, and domain awareness. Anno-
tator rankings within the low-quality group consis-
tently favored reports generated at p=0.8, reflect-
ing their relatively higher coherence and reasoning
quality. Notably, even the lowest-quality reports
at p=0.8 outperform their counterparts at p=0 or
0.2, indicating a substantial upward shift of the
quality floor. At the same time, annotator ranking
results show larger dispersion among these low-
quality samples (Fig. 17), suggesting that raters
could easily distinguish their relative strengths.

Cross-pruning comparisons (high-quality
group). In contrast, Fig. 19 shows high-scoring
reports sampled from each pruning ratio. Their
content diversity remains high, but overall quality
converges, and each report presents well-grounded
reasoning with minor stylistic or focus differences
(e.g., p=0.8 emphasizes citation inconsistencies in
outlier papers, while p=0.4 analyzes paper-length
anomalies). Annotators rated these reports
comparably strong, as reflected in the small
variance of mean rankings in Fig. 17.

G Qualitative Report Examples on
Additional Datasets

To complement the quantitative analyses, we pro-
vide qualitative examples of reports generated by
our multi-agent pipeline on several additional tabu-
lar datasets. These examples illustrate the types of
insights and explanations produced by our method
across diverse domains beyond the VIS publication
dataset.

Fig. 20 shows representative reports generated
on the Education Performance dataset. Fig. 21
presents example reports from the Medical Insur-
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Jea™ data analysis

The recurring theme of ‘analytics' and ‘clustering’ points towards an emphasis on
statistical and exploratory data analysis. Clustering specifically appears to be a
focal area, suggesting that categorizing and grouping data points is a significant
task in many studies. This might be due to the complexity of modern datasets
requiring advanced segmentation techniques for better understanding. For
stakeholders, this implies a need to invest in algorithms and tools that can
efficiently handle clustering tasks. An appropriate course of action would be to
allocate budget for implementing specialized clustering software, aiming to achieve
at least 80% accuracy in cluster identification within new projects by year-end.
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The inclusion of 'machine learning’, ‘graph', and 'network' signals a growing
convergence between visualization and Al-driven approaches. This crossover likely
reflects efforts to leverage machine learning for automatic data analysis and
visuaization generation, ndicating a future where visualizations become
increasingly and intelligent. O n data science
cOuld benght rom explonng PArEShips with machine leaming experts 1o develop
hybrid solutions. **Implication**: Data visualization tool vendors should plan to
integrate machine learning APIs into their platforms, aiming to automate 80% of
routine data visualization tasks by the end of the current fiscal year, thereby
reducing manual effort and increasing efficiency.

il

visualiz

ation

The inclusion of terms such as ‘Uncertainty visualization' and 'time varying'
indicates a nuanced interest in handling complex data characteristics, such as
uncertainty and temporal dynamics. These terms suggest that authors are addressing
challenges in visu inherently uncertain or dynamic data sets, which could be
critical in fields like predictive analytics or real-time monitoring systems. This
insight suggests that there is a growing demand for visualization techniques that
can effectively communicate variability and change over time. Practitioners could
develop new visualization frameworks that explicitly highlight uncertainty ranges
and temporal trends, thereby aiding stakeholders in making informed decisions under
dynamic conditions.

The Vis' conference consistently shows the highest number of publications compared

to other conferences throughout the entire time period depicted in the chart. This
minance is evident as the blue bar (representing 'Vis') surpasses other
conferences like 'InfoVis', 'VAST', and 'SciVis' by a substantial margin, often

reaching over 80 publications annually, especially around 2004 and post-2020. This

trend suggests that 'Vis' may be more established or have a broader appeal within
search community. To capitalize on this trend, actors responsible for
conference organization could consider leveraging the popularity of 'Vis' to boost
cross-conference collaborations or organize joint sessions with other venues to
enhance their reach and impact.

Several keywords, such as ‘Dimensionality reduction.’ ‘Time-varying data,’ and
Ensemble data, Have simiar frequencies (~3). g that these topics are
ecually important but distinct areas of inguiy. This sugaests a diverse set of
challenges and methods bemg explored in handling large and dynamic datasets.
Researchers looking to innovate might explore novel combinations of dimensionality
reduction techniques with ensemble data analysis, particularly when dealing with
temporal data. Conference organizers or professional associations in the field could
plan panel discussions or workshops focusing on these interconnected areas to
facilitate knowledge sharing and collaboration among experts.

Figure 18: Low-scoring reports across all pruning ratios. The corresponding scores are: p, with scores of p = 0:

113, p = 0.2: 20, p = 0.4: 11.3, p = 0.6: 32.9, p = 0.8: 47.5.

e

The chart reveals a moderate positive correlation between ‘Downloads_Xplore' and
“CitationCount_CrossRef', suggesting that higher download counts on the Xplore
platform are assaciated With 2 higher number of citatons in CrossRef databases. The

correlation coefficient of 0.71 indicates a significant but not perfec
relationhip. implying that while downiosds may ialuénce ctafion counts, other
factors likely play a role as well. This suggests that platforms like Xplore could
be leveraging their user engagement data (‘Downloads') to predict or enhance the
scholarly impact of published content. Researchers or editors might consider
prioritizing promotional strategies for articles with higher initial download rates
on Xplore, as these are more likely to gain recognition and citations over time
further explore ths dynamic future analyses should investigate whether there's a
lag period between downloads and subsequent citations.

The presence of outlier points, especially those far above or below the regression
line, highlights instances where one database significantly undercounts or
overcounts citations relative to the other. These outliers may represent edge cases
such as interdisciplinary studies, open-access articles, or publications heavily
cited outside traditional academic settings. For example, a paper heavily cited in
social media or popular science platforms might show inflated CrossRef counts
compared to Aminer, which relies more on formal scholarly sources. Identifying such

outliers is crucial for understanding their context, as they may reflect unique
circumstances or methodological biases in citation tracking. Researchers should
scrutinize these instances closely, perhaps by investigating supplementary data or
considering alternative metrics, to avoid misinterpretation of citation impacts.

Comparison of Cations Between Aminer and Crosshet

A notable insight from the chart is the significant outlier in paper length observed
in the year 2000, where the average page length dramatically peaked at approximately
175 pages, far exceeding the typical range of around 10-15 pages observed before and
after this period. This spike suggests a unique event or change in publication
practices that year. Considering the atherwise stable trend, thi outler could
indicate a specific conference, journal, or policy shift that temporarily encouraged
longer submissions. Given the prominence of this anomaly, further mvesngatmn into
publications from 2000 would be valuable to understand the underlying cause and
determine whether similar trends might emerge again. An actionable next step would
be for academic editors or organizers to analyze papers from 2000 to identify common
themes or factors contributing to this increase

Figure 19: High-scoring reports across all pruning ratios. The corresponding scores are: p

The scatter plot reveals a positive correlation between Aminer Citation Count and
CrossRef Citation Count, as indicated by the upward-sloping red regression line.
This suggests that as the citation count in Aminer increases, there is a
corresponding increase in the citation count reported by CrossRef. However, the
scatter of data points around the regression line implies variability in this
relationship, meaning some papers may have citation counts that deviate
significantly from the expected trend. For example, while most points are near the
line, there are outliers such as the paper with approximately 3700 Aminer citations
but only ~400 CrossRef citations. This could indicate discrepancies in how these

platforms count citations or differences in their coverage of certain publication

pes or fields. Given this variabilty. actors like researchers of publishers might

need to consider both citation databases and cross-reference results to ensure a
more accurate understanding of a paper's impact.

=0.4: 84.6, p = 0.6: 84.2, p = 0.8: 84.2.

The Citations from CrossRef and Aminer show a significant disparity over time, with
Aminer consistently reporting higher citation counts across most years compared to
CrossRef, This divergence becomes more pronounced after 2010, where Aminer's
citation count stabilizes around 80-100 ciations, while CrossRef remains
significantly lower (~20-40 citations). This suggests that Aminer may employ a
broader or different methodo\ogy in countlng cwtatlons, possibly capturing sources
not indexed by CrossRef. Researchers evalu: ly impact should consider using
multiple sources for citation counts to ensure a campvshenslve understanding of a
work's reach. Actionably, publishers and researchers should validate their citation
metrics against both sources to mitigate potential biases or incomplete datasets.
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The category with High' access to resources and no extracuricular actvities (7195)
is unexpectedly large, revealing a subgroup that does ot utilize
opportunities. This could indicate preferences, time constraints, or mvsallgnmem
between affered prorams and interests. Educational nstitutions or po

should explor d fee understand the motivati
o pamcmanon By identifying and sddressing mese reasons, they could achieve a

in the ‘No' category within the 'High' access group over the next

andame Jear, thereby better igning resource utlization with actual demand.

n—

While ‘Previous_Scores' show a moderate positive correlation (~0.18) with
“Exam_Score,’ the influence appears weaker compared to ‘Hours_Studied' and
‘Attendance.’ This suggests that prior academic performance has some predictive
power but is not the sole determinant of current exam scores. Educational
interventions aimed at improving overall performance might need to focus more on
current behaviors like studying and attending classes, rather than solely relying on
previous scores as predictors of success. A balanced approach addressing both past
performance and current engagement could yield better results.

Despite the general positive relationship, there is a noticeable variability in exam
scores even among students who studied similar amounts of time. For example, some
students who studied 20 hours achieved scores as low as 60, while others scored
close to 90. This variability suggests that factors other than study duration, such
as study methods, prior knowledge, or individual learning styles, play a crucial

role in determining exam outcomes. Therefore, schools should explore dive
teaching strategies or personalizing study guidance to address these variations,
potentially leading to more consistent performance across students. A pilot program
testing different study techniques with students who study a similar amount of time
could help identify more effective approaches.

The chart reveals a weak positive correlation between the number of tutoring
sessions and exam scores, indicated by the Pearson correlation coefficient of
r=0.16. Despite this weak relationship, the trend line shows a slight upward
trajectory as the number of tutoring sessions increases. However, there is
significant variability in exam scores across different numbers of tutoring
sessions, suggesting that other factors may play a larger role in determining exam

mance. For instance, the range of scores for 1 tutoring session spans fro
approximately 50 to 95, which highlights the complexity of predicting outcomes based
solely on tutoring sessions. This suggests that educational institutions might
consider exploring adciional interventions to complemant futoring, Such a2 targeted
study materials or personalized feedback, to potentially baost student performance
more effectively.

T
.

While 'Medium' access to resources provides moderate exam scores, it does not appear
to compensate as effectively for the lack of interet access as other conditions.
For example, students with 'Medium' access and 'No' internet have a mean score of
" access with ‘No' internet (67.0). This suggests that
‘Medium' resource levels alone might not be sufficient to offset the disadvantages
of limited internet access. Schools or policy initiatives focused on boostin
resources for these students could aim to move them closer to 'High' access
thresholds, particularly i areas where internet penetration is low. A strategic
goal could be to increase 'Medium' access scores by at least 0.5 points when ‘No'
internet is present, through targeted investments in resource augmentation over the
ext five years.

- #-r%-%*‘*‘

For very low attendance levels (below ~50%), there is a significant variabi
exam scores, indicated by the longer whiskers and scattered individual data points.
“This variability suggests that students with low attendance have inconsistent
outcomes, possibly due to missing crucial lectures or lacking foundational
knowledge. On the other hand, for higher attendance levels (above ~70%), the spread
of exam scores reduces, showing more consistent performance among students. This
consistency may reflect a stronger engagement with course content and a more

structured learning environment. To improve overall academic outcomes, interventions

targeting students with low attendance rates could be particularly benefi
focusing on strategies to reduce absenteeism and ensure foundational knowledge is

Figure 20: Example reports for Education Performance Dataset

Children show negligible correlation with both age (~0.04) and BMI (~0.01),
reinforcing the notion that family size is not a dominant factor in determining
medical charges compared to age or BMI. This lack of correlation across demographic

ttributes highlights the nuanced nature of medical cost drivers, where
socioeconomic factors or other unmeasured variables may play a larger role in
determining charges. For healthcare these
relationships is critical when designing bundled payment models or risk-adjustment
mechanisms, as reliance on poorly correlated predictors like children would likely
lead to inaccurate cost projections. Further exploration into non-demographic
factors such as income level or chronic condition prevalence could improve cost
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The chart reveals a complex relationship-between age and | medlcal charges,
characterized by a general upward trend but also signi iabi
ifforant age rouns. Far netance, while medleal Chargas tend t neraace with age.
there are multiple clusters of data points that suggest distinct subgroups within
certain age ranges. For ages below 40 years, the spread of medical charges is
relatively narrow, indicating & more homogeneous population in terms of heaithcare
spending. However, beyand 40 years, the spread w ignificantly, particularly
around the 50-60 age range, wi a marked cluster of higher char
suggests! ma( health commlcanons or increased medical needs may become more common
roup. For ages above 60, there appears to be a plateauing or even
Sight Gecreoss i e oppa ronge of MCK) Charges, which Could be G £ ockors
Medicare coverage or end-of-life scenarios. Given this variabilit
healthcare providers should consider targeted interventions for older adults,
focusing on preventive care and personalized treatment plans tailored to different
ealth needs observed in these clusters.

3 - . »
.

The age distrbution of inzured individusts i sowed towards younger demograptics,
particularly those in their early twenties, where frequencies reach their
(~160). This ebservation Suggesks that younger age foups may be more actwely
seeking insurance coverage compared to older individuals. Such a trend might
indicate targeted marketing strategies aimed at youths or lower barriers to entry
for younger customers. However, this also raises concerns regarding the potential
imbalance in risk pooling. as older individuals, who are typically associated with
higher risk profiles, are in the insured nsurance
roviders should consider revising their outreach strategies to engage and retain
older demographics, possibly through tailored offerings or education campaigns, to
chieve a more balanced risk portfolio.

.

The pronounced skewness in the distribution of medical charges for smokers,
particularly towards the higher end, suggests that smoking may disproportionately
impact healthcare costs for a smaller subset of individuals. The long right tail
indicates that while some smokers experience relatively normal healthcare expenses,

ers encounter extremely high costs due to smoking-related complications. This
skewed distribution highlights the need for differentiated healthcare approaches,
where high-risk smokers are prioritized for more intensive interventions an
support. For instance, insurers or public health organizations could develop
tailored programs focused on early detection and prevention for this vulnerable
subgroup, potentially leading to better health outcomes and cost containment.

The chart reveals a significant difference in the relationship between BMI and
medical charges for smokers versus non-smokers. Specifically, the trend lines show

that for individuals who smoke, there is a much steeper positive correlation between
8M and charges compared to non smalcers Nan-smokers exhibi: & relatively fat trend
changes in charges across different BMis, indicating that other factors

play & move Qorminant rele in determining their charges. In contrast, SMOKSrS
experience a marked increase In charges as BMI rises, suggesting that poth smoking
status and BMI have compounding effects on healthcare costs. This insight highlights
the need for targeted interventions, such as wellness programs or health screenings,

for smokers, especially those with higher BMIs, as they appear to bear a

disproportionately higher financial burden due to combined risk factors.

There is a significant upward trend in medical charges as age increases, suggesting
that healthcare costs rise systematically with age. This trend is evident from the
scattered data points clustering more densely along an upward trajectory that aligns
with the fitted regression line. While there are individual variations, particularly
among younger age groups, the overall direction of the trend is consistent across
both male and female populations, as indicated by the color cot his insight
suggests that older individuals may require more intensive or frequent medical
interventions, leading to higher expenses. A potential next step for stakeholders
could involve developing targeted healthcare cost management strategies for aging
populations, focusing on preventive care or subsidies for individuals aged 60+

Figure 21: Example reports for Medical Insurance Dataset
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Clothing demonstrates a cyclical trend in popularity across seasons, peaking in
Spring and rebounding in Winter. In Spring, the total purchase amount for clothing
surpasses $27,000, indicating its seasonal demand splke After declining in summer
to around 23,000, 00,

llowed by anather peak in Winter nearing the Sprmg levels, This cyclvcall(y
likely reflects consumer behavior driven b al fashion changes. Retailers may
consider increasing inventory and markenng effms during Spring and Winter to
capitalize on this peak demand, focusing on innovative products and discounts in
Summer to maintain sales traction.

The payment method landscape indicates a comps environment among the top four
methods-—Credit Card, PayPol, Cash, and Debit Card—all contributing approximately
17%-18% of total sales. This close parity suggests that customers have dive
preferences, makin ical for businesses to maintain flexibility in thei
ment options. Given th similariy in usage across these methods, marketing
strategies should focus on enhancing user experience and incentives across multiple
platforms to capture a larger share of customer preference. The small differences
(~1%) between these methods imply that even slight improvements in user convenience
or loyalty programs could shift customer choices noticeably.

Footwear demand exhibits noticeable sessonal variation, showing higher purchases in
Summer (160) and Spring (163), compared to Fall (136) and Winter (140). T
suggests that warmer seasons ey trigger increased demand for lighter footmear
fypes. Retailers might consider adjusting inventary levels or launcl
dunhg the warmer months £ maximize sates. Conversely, the
in colder seasons may signal the need for different marketing s
winter boots or heavier footwear options. This seasonal disparity highlights the
importance of adapting inventory management and advertising based on weather trends.

#

The seasonal sales trend reveals a significant peak during Fall, where the total
urchase amount reaches its highest point at approximately $60,000. This peak is
roughly $4,000 higher than the next highest season (Winter). The sharp drop observed
between Spring and Summer, followed by a substantial rise from Summer to Fall,
suggests that consumer spending behavior may be heavily infitenced by seasonai
factors such as holiday shopping or changes in purchasing habits.
vatues between Winter (3, 000)andsprng(59,000) mdicates a relallvely stable
period before the summer dip. Retailers could leverage this insight by intensifying
marketing campaigns and inventory preparation ahead of Fall, potentially increasing
revenue by capitalizing on the peak season. For instance, retailers might consider
increasing stock levels or running promotional campaigns in early Fall to capture
this demand surge.

Summer hos the lowest average review rating ot approximately 3.71, suggesting it
might be the most challenging season for maintaining custome n. This dip
culd stem from factors ke intense competition, user fatigue, or a S
consumer priorites during the warmer months, Given Ehat surmar marks a notable low
compared to other seasons, the company might benefit from conducting seasonal
analyses to pinpoint the exact causes. For instance, they could survey customers
specifically in summer to understand their concerns better. Once identified, actions
like implementing summer-exclusive features, improving logistics, or offering
seasonal discounts could help It ratings closer to other seasons’ benchmarks

Bank transfers exhibit a periodic pattern, with usage peaking during the bi-weekly
and quarterly purchase intervals. These intervals show higher scores (88 and 109,
respectively) compared to monthiy and weekly intervals. This cycical behavior may
reflect structured payment cycles where consumers prefer bank transfers for routine
financial planning. Businesses could leverage this by offering bank transfer
discounts during these intervals, potentially increasing transaction volumes by
appealing to customers with structured purchasing habits. For instance, promoting
bank transfers during bi- weekly and quartedy cycles could see a 10-15% increase in
sage within six months.

Figure 22: Example reports from Shopping Behavior Dataset
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The DiabetesPedigreeFunction exhibits a notably low correlation with most features,
including Glucose (0.14), BloodPressure (0.041), SkinThickness (0.18), Insulin
(0.19), and BMI (0.14). This finding implies that family history or genetic
susceptibility to diabetes, as the Di . does not
strongly predict other physiological characteristics commonly associated with
diabetes onset. This may suggest that environmental or lifestyle factors play a more
dominant role than genetics in modulating these traits. Researchers may need to
focus on identi ther
unmessured variables to explain tslimited standslone predictive power. Public
health initiatives could prioritize lifestyle interventions, such as diet and
exercise, even in individuals with a posmve family history, due to the weak
genetic associations observed here

The scatter plot reveals a positive Correlation between BMI and Glucose levels for
individuals across both outcomes (Outcome 0 and Outcome 1). As BMI increases, there
is a general upward trend in glucose levels, suggesting that higher body mass index

ly associated with higher blood sugar levels. This trend is evident through
the distribution of data a points, which cluster more densely along the upper-right
quadrant of the chart where both BMI and Glucose are higher. Furthermore, the
regression line suggests a consistent increase in glucose levels with increasing
M. although th relationship appears non-inear, 5 indicated by the curvature of
he data points around the line. nsight impiles that interventions targeting
Welght martagament may piay & crucial rola 1t Tanagiig oliose Ievels, porgeuiary
for populations at risk of developing glucose-related health issues. Stakeholders
such as healthcare providers could focus on promoting weight loss programs or
lifestyle changes for patients with higher BMIs to potentially reduce glucose
levels.

‘The sharp increase in insulin levels observed in Outcome 1 around age 60 suggests a

significant metabolic shift that could indicate the onset of severe diabetic
complications. This peak, exceeding 400 units, stands out as an anomaly compared to
the consistent trend in Outcome 0, where insulin levels remain relatively stable and

decline gradually after peaking earlier. The dramatic spike likely reflects
heightened insulin resistance or hyperglycemia, conditions commonly associated with
advanced diabetes progression. This finding suggests that individuals with Outcome 1
may rom mare intensive monitoring and intervention during this critical
period, potentially delaying the
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Glucose shows moderate correlations with several features: BMI (0.22), BloodPressure
(0.15). and Insulin (0.33). This pattern indicates that glucose levels ore
nfluenced by a combination of body cor . The presence
of these correlations may highlight the Complex interplay between lifestyle factors
ond physiluaical resporses. Far instance, interventions aimed st rducing BMi and

naging BloodPressure might indirectly help st
pre-diabetic populations. Further studies could investigate whether a mult-faceted
approach addressing all corrlated factors leads to more effective glucose control
ared to single-focus strategies. The threshold for action could be set at
identifying individuals with simultaneous elevations in these correlated metrics,
targeting early intervention protocols.

The chartllustrates  substantial overlap in Insuln levels between ‘Outcome 0°
and Out:cme 1" across various age groups. Whil a discernible separation
er age Groups, the Iimed for both outcomes become increasingly
|ndrsnngu|shab\e as age progresses. This overlap becomes particularly pronounced in
+ age range, where data points from both groups cluster around very low
msulm levels. The lack of clear differentiation between outcomes later in life may
suggest that age outweighs other distinguishing factors, potentially indicating
shared physiological processes or limitati hing ‘Outcome 1' from
‘Outcome 0' based solely on insulin levels. Policymakers may need to reassess how
diagnostic criteria adapt for different age groups to ensure accuracy in identifying
potential health risks.

[l

The relationship between glucose and insulin levels across the outcomes reveals an
indirect linkage tied to metabolic health. While glucose levels differ sharply
between outcomes 0 and 1, insulin levels also exhibit a distinct pattern indicative
of different physiological states. For outcome 0, the low insulin levels coupled
with relatively normal glucose suggest a lack of metabolic stress or insulin
resistance. Conversely, the high insulin levels in outcome 1, even though glucose
levels are elevated, imply compensatory insulin secretion possibly to counteract
insulin resistance. This observation underscores the complex interplay between
glucose metabolism and insulin response. Healthcare providers could implement
Skrakegles to assess. msuhn sens\tlwty cancurrently wllh glucose menltormg.
focusing uch as ifestyl to address
Insulin resistance for patients with ¢ otcames Consistant with oumcome s

Figure 23: Example reports from Diabetes Dataset
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-
both 'Social Support' and 'Healthy Life Expectancy At Birth,' with correlation

The heatmap reveals a strong positive correlation'between 'Log GDP Per Capita’ and .
coefficients of 0.68 and 0.82, respectively. This suggests that higher income levels There appears to be a diminishing marginal return effect of GDP on happiness as we There is a negative correlation between perceptions of corruption and confidence in

within a country are closely finked to enhanced social support systems and better move to higher GDP per capita levels. While the red regression line shows a positive the national government, as indicated by the concentration of high-density areas
health outcomes. The relatively moderate positive correlation with 'Freedom To Make correlation, the slope begins to flatten as the Log GDP Per Capita increases toward (vellow-green regions) towards the bottom-right and top-left quadrants of the
Life Choices' (0.37) indicates that economic prosperity may also contribute to the right end of the x-axis. This implies that while economic growth significantly heatmap. Specifically, as the perceptions of corruption increase (approaching 1.0),
personal freedoms, though to a lesser extent compared to social support and life enhances happiness initially, its impact plateaus at higher GDP levels. This confidence in the government decreases, and vice versa. This suggests that public
expectancy. These findings imply that policy interventions focused on improving GDP observation aligns with the concept of the 'Easterlin Paradox,' which posits that perception of corruption significantly influences trust levels in governance. The
per capita might simultaneously boost various social and health indicators. However, beyond a certain level of affluence, further economic gains do not substantially density distribution demonstrates that the majority of data points lie along this
the lack of significant correlation with ‘Generosity' (-0.00) could suggest that improve subjective well-being. targeting happiness should trend, highlighting the importance of addressing corruption to restore public trust.
wealth alone does not necessarily translate to increased generosity in societal focus on ensuring equitable distribution of wealth rather than solely pursuing Policymakers should focus on implementing transparent anti-corruption measures to
behavior. A possible intervention strategy could involve reallocating funds towards economic growth once a country reaches a certain prosperity threshold. For example, shift the population towards higher confidence levels, using interventions targeted
social programs that emphasize community-building activities to encourage more redistributive policies and investments in social services may yield better results at regions with high corruption perceptions (e.g., a policy aimed at reducing
generous behaviors alongside economic growth initiatives. in enhancing happiness compared to further GDP-driven strategies. corruption levels by 0.2 points within two years).

The Negative Affect distribution exhibits a steep decline in frequency beyond a

score of 0.3. This sharp drop-off is evident as the red bars reduce dramatically The correlation matrix shows that ‘Social Support' has moderately strong positive
The data demonstrates a non-linear drop in confidence as perceptions of corruption towards the right side of the histogram. This pattern suggests that as affect scores correlations with ‘Life Ladder' (0.72) and "Log GDP Per Capita’ (0.68), suggesting
tise. While the decline is gradual at lower corruption levels (below 0.3), the rate increase, the likelihood of experiencing negative emotions decreases substantially, that social cohesion and support systems contribute to both subjective well-being
of decline accelerates significantly once perceptions exceed 0.5, This shan indicating a potential saturation or ‘ceiling effect for negative affect at higher and economic prosperity. However, the relatively weak correlation with 'Generosity"
decrease suggests that public tolerance for corruption has a threshoid beyond which scores. This could imply that individuals who report higher affect scores are less (0.07) raises questions about whether social support independently drives charitable
confidence rapidly diminishes. Such non-linearity may indicate that citizens are likely to report significant negative experiences, pointing to a possible threshold behavior or if it requires additional factors. For example, cultivating a sense of
willing to overlook minor instances of corruption but become highly sensitive to where positivity dominates. Public health campaigns focused on improving overall  community through public policy could enhance social support, which in turn might
more pervasive issues. Policymakers should therefore focus intensively on preventing  well-being might aim to guide individuals towards achieving affect scores above 0.3, indirectly encourage generosity by fostering empathy. A potential strategy could
Corruption from crossing this threshold to avoid sudden trust collapses. Developing as doing so seems to correlate with a marked reduction in negative emotional involve local investing in c Iding initiatives, aiming to
early detection systems and rapid response mechanisms for emerging corruption could experiences. Strategic initiatives could measure success by tracking the shift in boost social support scores by 30% within five years, thereby exploring indirect
e key strategies to maintain confidence. mean affect scores moving above this critical threshol pathways to influence generosity.

Figure 24: Example reports from World Happiness Report Dataset

ance dataset. Fig. 22 displays reports generated on  across multiple stages.
the Shopping Behavior dataset. Fig. 23 provides ex-

amples from the Diabetes dataset. Finally, Fig. 24 2 Representative Outputs at Each Pipeline
shows reports generated on the World Happiness Stage

Report dataset.
Here we present an example metadata report (data

H Pipeline Architecture and Stage profile) generated from the VIS Publication dataset.
Outputs

This section provides an extended description of . .

It iveli hi . d Dataset Overview. The dataset contains 3,877 rows and
0.111‘ multi-agent pipeline ?er lteCt}lre’ 1ts core de- 20 columns, comprising a mixture of categorical, numer-
sign components, and the intermediate outputs pro- ical, and text-based fields. The presence of identifiers,

duced at each stage. We first present an end-to- publication metadata, citation statistics, and textual ab-
stracts suggests that this dataset represents a structured

end overview of the pipeline, detailing how data collection of academic publications.
flows through generation, evaluation, and pruning High-Level Description. Each record corresponds to an

: : _ academic paper, capturing conference information, pub-
stages (§H.1). We then illustrate representative ex lication year, title, DOI and URL links, page ranges, pa-

ample outputs produced by each pipeline stage to per type, abstract, author names and affiliations, citation
concretely demonstrate how intermediate results counts, download statistics, awards, and graphical repli-

ST . cability indicators. Overall, the dataset supports analysis
evolve throughout the pipeline ($H.2). Finally, we of scholarly output, citation impact, author contributions,

describe the prompt design and specifications for and publication trends within the visualization research
all major agents and judgers involved in each stage, community.

includine both task-level ti d st local Schema Summary. The dataset schema covers a wide
Including both task-level generation and stage-loca range of publication metadata fields. Venue and tem-

evaluation modules (§H.3). poral information are represented by attributes such as
Conference (e.g., “VIS”) and Year (e.g., 2024). Core

O soals . content fields include Title (e.g., “Impact of Vertical
H.1 End-to-End Pipeline Overview Scaling on Normal Probability Density Function Plots™)

Fig. 25 presents the full workflow of our proposed and Abstract, which provide textual descriptions of each
. . .1 . paper.
multi-agent data science pipeline, expanding upon Authorship information is captured through AuthorNames

the conceptual stages illustrated earlier in Fig. 2. and AuthorNames-Deduped (e.g., “Racquel Fygenson;
While Fig. 2 provides a high-level overview of the Lace Padilla™), along with AuthorAffiliation (e.g.,

L. K K Northeastern University, USA”). Document identi-
agents and their interconnections, Fig. 25 offers fiers and access links are recorded via DOI (e.g.,
a more detailed depiction of the end-to-end pro- “10.1109/TVCG.2024.3456396”) and Link (e.g., an IEEE
cess, showing how data samples are progressively I WAL, WS RS R a9 GReslis by

. . . FirstPage and LastPage (e.g., 984-994).
refined through generation, evaluation, and pruning
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Figure 25: Detailed Pipeline of Insight Generation.
Citation and impact-related attributes in- "x_axis": "Year",
clude CitationCount_CrossRef (e.g., "y_axis”: "Number of Papers”,
0), PubsCited_CrossRef (e.g., 60), "color_scheme”: "category”,
AminerCitationCount, and Downloads_Xplore "sort_by": "descending"”

(e.g., 123), enabling analysis of scholarly influence
and readership.  Additional descriptive fields such
as AuthorKeywords (e.g., “visualization, uncertainty,
vertical scaling”), PaperType (e.g., “J” for journal
article), Award, and GraphicsReplicabilityStamp
provide context on paper themes, publication format,
recognition, and reproducibility indicators.

Potential Analysis Directions. The dataset enables sev-
eral exploratory analyses, including: (i) publication trends
over time and across conferences, (ii) comparisons of pa-
per length and type, and (iii) relationships between citation
counts, referenced publications, and impact metrics.

Based on this metadata report, we next show an
example visualization direction generated by the
visualizer.

{

"topic": "Temporal Trend of Publications”,
"chart_type": "line",

"variables”: ["Year", "Conference"],
"explanation”: "This line chart illustrates
how the number of publications changes over
time across different conferences.

By aggregating papers by year and conference
, it highlights periods of increased
research activity as well as potential
declines in specific venues.",
"parameters”: {

"group_by": "Conference”,
"aggregate_method”: "count”,

}’

Following the visualization direction, the
pipeline generates a concrete chart instance, as
shown below.

Trends in Conference Participation Over the Years

Conference

—e— Vs
InfoVis
120 | —e— VAST
—e— SciVis

Number of Papers

o o ) o o
o o S s 3
9 S S S »

Year

Given the generated chart, the insight gener-
ator produces a structured textual interpretation
grounded in the visual evidence, shown below.
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{

""description'": "All four conferences demonstrate vary-
ing patterns of growth with distinct phases—ranging from
early stagnation to significant spikes or gradual increases.
Notably, Vis and SciVis both exhibit late-stage growth
spurts after 2015, potentially driven by advances in tech-
nology and interdisciplinary research. In contrast, Info-
Vis and VAST show earlier growth but later stabilization
or fluctuation, suggesting saturation in certain topics or
subdomains. This heterogeneity highlights the diverse
maturity levels of different visualization fields. Policy-
makers or academic leaders could leverage this insight to
strategically allocate resources, supporting newer domains
with growth potential while revitalizing mature ones via
innovative thematic directions. Targeting a unified growth
trajectory across all conferences by 2030 could help main-
tain balance and synergy within the broader visualization
community.",

"evidence'': "Comparing all lines, Vis and SciVis show
robust growth post-2015, whereas InfoVis and VAST dis-
play stabilization or variability after their respective peaks,
highlighting divergent evolutionary paths among the con-
ferences."

}

H.3 Prompt Design and Specification

We present the prompt design for three major com-
ponents of our pipeline: (1) generation agents for
data profiling, visualization, and insight generation,
(2) multi-level judgers for final evaluation, and (3)
stage-local evaluators used in Selective TTS for
process-based pruning.

Data Profiling, Visualization, and Insight Gener-
ation Agents. As illustrated in Fig. 25, the core
pipeline comprises six generation components: the
Data Profiling, Visualizatio Direction Generation,
Code Generation, Code Rectification, Chart Qual-
ity Filtering, and Insight Generator. Each com-
ponent operates under a modular system prompt
that specifies its role, expected input—output format.
The complete system prompts for these generation
components are presented below.

You are a professional data curator writing an official-style
“About Dataset” page (as on Kaggle/Hugging Face).

You will ONLY receive the metadata information and sample
rows of the dataset: (1) dataset shape (rows x columns);
(2) column names with detected data types; (3) 1-2 sample
rows.

Your task is to generate a «clear, structured, and
comprehensive dataset introduction strictly based on the
provided information.

Base ALL content strictly on this input. Do NOT infer
anything about missing values, full distributions,
correlations, provenance, licensing, collection period, or
coverage unless explicitly evident from names or the sample.

1. Your goals

1) Briefly introduce the dataset: describe what it appears
to contain and how it is structured (refer to shape and the
mix of data types).

2) Explain each variable in detail: infer likely meanings

from column names and the sample (use cautious language
such as “likely” or “appears to”); mention units or ranges
only if clearly suggested (e.g., _usd, _pct, lat/lon,
date).

3) Propose potential analysis directions and visualization
themes: suggest exploratory analyses grounded in the schema
(e.g., numeric distributions, categorical comparisons,
temporal trends, geographic patterns if names imply geo
fields, keyword summaries for text).

4) Provide clear, structured documentation that downstream
chart planners and code generators can follow immediately.

2. Output format (Markdown)
Use the following sections and formatting in markdown:

## About Dataset

— Shape: <rows> x <cols>. Briefly describe the schema and
mix of types (numeric/categorical/text/datetime).

- High-level summary: A concise statement of what the table
likely represents (strictly based on names and sample).

## Schema Summary

Output as CSV-style plain text lines using the header:
Column, Detected Type, Example, Likely Meaning, Suggested
Role

Each subsequent line corresponds to one column. For
example:

id, integer, "12345", likely an identifier for each record,
id

Where Suggested Role €& {feature, target, id, timestamp,
text, geo, meta}.

## Potential Uses & Analysis Directions

Be concrete and grounded in the provided schema.

= Suggest meaningful exploratory analyses and
visualizations.

- If a column appears to be a target variable, note
potential modeling tasks.

3. Output rules

- Use clear Markdown headings; for tables, use CSV-like
plain text, not Markdown tables.

- Be specific yet cautious: never invent facts beyond
names/sample.

— Tone must be professional and documentation-like, as if
authored by the dataset creator

Based on this metadata report, we next show an
example visualization direction generated by the
visualizer.

You are a professional data visualization expert. Your
task is to propose well-defined visualization directions
for a given dataset.

You will be provided with:

- Metadata information (number of rows/columns, data types,
etc.)

- Sample data from the dataset

Requirement:

1. Generate {num_directions} concise, diverse, and
actionable directions for visualizing the dataset.

2. The directions should not overlap in their focus; each
direction should focus on a different aspect of the data.
3. Each direction must:

- Focus on a specific aspect of the data (e.g., distribution,
correlation, time trend, category comparison, anomaly
detection).

— Include all of the following keys: topic, chart_type,
variables, explanation, parameters.

- Use only existing column names from the dataset in
variables.

- chart_type should be a standard, executable visualization
type (e.g., “bar”, “line”, “scatter”, “histogram”,
“boxplot”, “heatmap”, “wordcloud”).

- parameters may include chart-specific options such as
sorting, grouping, aggregation method, bins, color scheme,
etc.

4. Avoid vague or generic suggestions. Each explanation
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should state why the chart is relevant and what insights
it may reveal.

5. Try to use different chart types and cover various
analytical angles across the directions. Be creative!

Output format (all keys mandatory, valid JSON only):

L
{ "topic": "...",
"chart_type": "...",
"variables”: ["...", "...
"explanation”:
"parameters”:

o,

" n

{"param1”: "...", "param2"

n o

"topic": "...",
"chart_type": "...",
"variables”: ["..."”, "...
"explanation”: "..."
"parameters”:

-~

2l

" "

{"param1”: , "param2": "..."}

3
]

Attention:

- Output only the JSON array inside a pure Markdown code
block (“‘json ... “¢), without any extra text, commentary,
or formatting.

- Ensure the JSON is valid and directly parsable.

- Strict adherence to the output format is required.

You are a Python data visualization code generator. Your
task is to generate production-ready, executable Python code
based on the following inputs: - Metadata information: data
types, shape of the dataset, introduction of the dataset
and sampled data. - A given visualization direction (topic,
chart_type, variables, parameters).

Requirements: 1. The code must: - Use ONLY: import pandas as
pd, import matplotlib.pyplot as plt, import seaborn as sns,
import numpy as np, import networkx as nx, from wordcloud
import WordCloud. - Always set matplotlib backend to "Agg"
before importing pyplot. Do not use plt.show(), only save
figures to the given path.
- Load the dataset
pd.read_csv({data_path}).
- Implement the visualization as specified in the given
direction.

- Add a descriptive title, x-axis label, and y-axis label.
= Apply a consistent style, e.g.,
sns.set_theme(style="whitegrid”) and plt.figure(figsize=(8,
6)).

- Ensure category labels on the x-axis are rotated if
necessary (plt.xticks(rotation=45)).

- Call plt.tight_layout() before saving.

- Save the plot to plt.savefig({output_path}) and then call
plt.close().

(CSV  format) using df =

2. The code must be directly executable without modification.
3. Pay attention to data types (categorical vs. numerical).

4. Do not create or print any other output besides the plot
file.

5. Always import all necessary libraries explicitly
(e.g., import seaborn as sns, import pandas as pd, import
matplotlib.pyplot as plt).

6. Ensure the code is executable and contains no undefined
variables or functions.

Output format:

 Tpython
# no comments
...(code here)...

Attention: 1. Output only valid Python code inside a
Markdown code block.

2. Do not use any libraries beyond pandas,
seaborn, numpy, networkx, and wordcloud.

3. Return only valid, ready-to-run Python code.
4. Ensure syntax correctness and reproducibility.

matplotlib,

You are a Python code rectifier. Your task is to fix the
provided code strictly according to the error feedback so
that it runs successfully.

You will be given: - The original code that failed - The
exact error feedback from execution

Hard Constraints (NEVER violate): - Do NOT change any I/0
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paths, file names, or file formats that appear in the
original code (e.g., dataset path, output image path). - Do
NOT introduce new third-party dependencies beyond: pandas,
matplotlib.pyplot, seaborn. - Do NOT change the intended
chart type or analytical intent unless the error explicitly
requires it (e.g., unsupported parameter). - Do NOT print
or display extra output (no plt.show, no print); saving
the figure is the only side effect. - Keep the code as a
single, directly executable script (no notebooks magics, no
functions required).

Fixing Guidelines: - Resolve import, name, attribute,
parameter, dtype, and seaborn/matplotlib version-compat
errors (e.g., deprecated args) by using supported
alternatives. - If the error is due to a missing column
or invalid variable, add a clear ValueError with a helpful
message rather than guessing column names. - Ensure the
figure is saved exactly to the same output path present
in the original code. - Add minimal robustness only when
needed to fix the error (e.g., plt.tight_layout()), and
close figures with plt.close() after saving. - Ensure valid
Python syntax (no comments, no extra text), and that the
script is immediately runnable.

Allowed libraries:

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import networkx as nx

from wordcloud import WordCloud

Output format:

* " “python
# no comments
...(corrected executable code here)...

Attention: 1. Output only the code inside a pure Markdown
code block (python ... ), without any extra text, commentary,
or formatting. 2. Ensure the code is syntactically correct
and ready to run.

You are an automated reviewer of data visualizations. Given
a chart image, determine whether the image is legible
and meaningful for analysis. Your judgment must be based
primarily on what is visible in the image.

You will be given: - A chart image (as a base64-encoded

PNG)

What to evaluate: 1. Readability & Clarity:
Axes/titles/legends present and readable; tick labels
not overlapping; reasonable tick density; text not
clipped; adequate contrast; figure size/aspect sensible;
tight_layout-quality. 2. Meaningfulness:  Non-empty,
non-constant data; visible variation; ordering/sorting

makes sense; annotations/units (if relevant) clear; not
a trivial or degenerate view (e.g., 100% single category).
Output format (valid JSON in a single fenced code block; no
extra text):

T json
{
"is_legible”: true|false,
"evidences”: [
"axes and title are readable",
"labels are not overlapping”

ATTENTION: 1. Output only the JSON object inside a pure
Markdown code block (json ), without any extra text,
commentary, or formatting. 2. Use boolean true/false for
the is_legible field. 3. Follow the format strictly and do
not add any additional information.

You are an expert data analyst with strong visual
interpretation skills. I will provide you with a single
chart; please generate {num_insights} high-quality insights
grounded strictly in what is visible in the chart.
Requirements:

e Observation & Evidence Completeness: Cover all relevant
aspects of the observation, including:

— Subspace: the specific segment/condition/time window



(e.g., “post-2024-05”, “top decile”, “for X>Y”).

— Breakdown: the variables or metrics involved (e.g.
“blue line vs orange bars after 2022-Q3”).

— Effect size: estimated size (e.g., “~15-20%"),
direction (e.g., “increase”), and type (e.g.,
“relative”).

e Traceability: Every claim must point to exact series,
marks, axes, or ranges so a reader can verify it on the
chart.

e Insightfulness: Use chart cues to expose structure
(subgroup heterogeneity, changepoints, seasonality,

contribution patterns) and reason about possible causes
behind the observation.

Non-triviality & Novelty: Go beyond simple narration;
avoid tautologies or trivial descriptions; turn them into
conditional, quantified, decision-useful statements.

Hypothesis (hedged): Offer a plausible mechanism using

hedged language (“likely”, “may reflect”, “consistent
with...”), grounded in chart cues.
e Actionability: Provide a concrete

implication/prediction/next step with actor, lever, KPI,
threshold, and timeframe.

Stay chart-grounded: Do not invent values or use external
assumptions beyond what is visible.

What to do: Strictly follow the requirements above to
generate one or more high-quality insights for the given
chart. Be meticulous in reasoning about causes and provide
concrete, decision-useful implications.

Output format (valid JSON in a single fenced code block; no
extra text):

“json
{
"insights": [
{
"description”: "..."
3
{
"description”: "..."
3
]
ATTENTION:

1. Output only the JSON object inside a pure Markdown code

block (json ... ), without any extra text, commentary,
or formatting.

2. Use hedged language when uncertainty is high (e.g.,
“appears to. . .”, “likely”).

3. Avoid tautologies or generic statements; make each
insight comprehensive, detailed, and chart-grounded.

4. Follow the specified output format strictly and do not

add extra information.

Multi-Level Judgers for Final Evaluation.

We
employ three multi-level judgers: Easy, Moderate,
and Harsh, to evaluate final visual-insight reports

under progressively stricter criteria. Their prompts
are designed to reflect different evaluation attitudes,
ranging from lenient factual checking to rigorous
analytical reasoning. All judgers produce struc-
tured outputs in JSON format with detailed sub-
scores, textual evidence, and conclusions. Com-

plete system prompts are provided below.
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You are a professional evaluator of the quality of an insight
generated from a chart. Your job is to grade one candidate
insight against one chart image. Your task is to evaluate
the quality of the provided insights based on the chart data.
Be objective and use only what is visible in the chart.
You will be given:

1. A chart (image)
2. Candidate insight (text)
High-quality insight traits:

Readability: clarity and coherence of the statement.

OnTopic: relevance to the chart (mentions
variables, trends, or categories).

correct

TrendAlignment: whether the statement aligns with the
general upward, downward, or stable trend.

Scoring criteria (0-100 each, higher better): Based on
the above traits, assign an integer grade to each insight:

* Readability

e OnTopic

¢ TrendAlignment

Output format (valid JSON in a single fenced block; no extra
text): Provide the evaluated scores. In the “evidence”

field, provide your reason why you gave these scores.
Provide a final “conclusion” about the overall quality.

" json
{
"insight”: "...original insight text...",
"scores": {
"Readability”: 0-100,
"OnTopic”: 0-100,
"TrendAlignment”: 0-100
}
"evidence”: "...reason for scores...”,
"conclusion”: "...overall quality...”
ATTENTION:

¢ Use only integers for scoring fields; no decimals.

Provide your reasoning step-by-step inside the “evidence”
field, but output only the JSON object inside a pure
Markdown code block (json ... ), without any extra text,
commentary, or formatting.

You are a professional evaluator of the quality of an insight
generated from a chart. Your job is to grade ONE candidate
insight against ONE chart image. Your task is to evaluate
the quality of the provided insights based on the chart data.
Be objective and use ONLY what is visible in the chart.
You will be given:

1. A chart (image)

Candidate insight (text)
High-quality insight traits:

¢ Correctness:
categories.

factual alignment with chart values and

Specificity: clarity and precision in referencing chart
elements (numbers, categories, ranges).

InterpretiveValue: goes beyond trivial description by
highlighting trends, contrasts, or non-obvious aspects;
offers insightful reasoning or hypotheses grounded in
chart cues.



Scoring criteria (0-100 each, higher = better): Based on 1. Chart Observation: Examine the chart carefully and
the above traits, assign an integer grade to each insight: identify its key patterns, variables, segments, and
relevant time windows.
* Correctness
2. Insight Decomposition: Parse the candidate insight to
e Specificity extract its claims, subspaces, variables, effect sizes,
hypotheses, and any actionability elements.

e InterpretiveValue
3. Evidence Mapping: Establish a clear mapping between each

Output format (valid JSON in a single fenced block; no extra claim in the insight and the corresponding evidence
text): Provide the evaluated scores. In the “evidence” visible in the chart. Mark unsupported or ambiguous
field, provide your reason why you gave these scores. claims explicitly.

Provide a final “conclusion” about the overall quality.
4. Criteria-based Scoring: Apply the defined scoring
criteria objectively, assigning an integer score (0-100)

{ L L. L to each dimension.
"insight": "...original insight text...",

"scores”: {
"Correctness”: 0-100,
"Specificity”: 0-100,

TTTjson

5. Overall Judgment: Synthesize the evaluation results and
provide a final conclusion on the overall quality of the

"InterpretiveValue”: 0-100 insighcy
%évidence“: " . .reason for scores...", Output format (valid JSON in a single fenced block; no extra
"conclusion”: "...overall quality..." text):
s * Provide the evaluated scores.
ATTENTION: e In the “evidence” field, provide your step-by-step
. . ) ) reasoning process, including how you read the chart, how
e Use ONLY integers for scoring fields; no decimals. you mapped claims to evidence, and how you arrived at
each score.
* Provide your reasoning step-by-step inside the “evidence”
field, but output only the JSON object inside a pure * Provide a final “conclusion” about the overall quality.
Markdown code block (json ... ), without any extra text,
commentary, or formatting. -~ json
{
"insight"”: "...original insight text...",
"scores": {
"Correctness & Factuality”: 0-100,
You are a professional evaluator of the quality of an insight "Specificity & Traceability”: 0-100,
generated from a chart. Your job is to grade ONE candidate "Insightfulness & Depth”: 0-100,
insight against ONE chart image. Your task is to evaluate "So-what quality”: ©-100
the quality of the provided insights based on the chart data. 3,
Be objective and use ONLY what is visible in the chart. "evidence": "...step-by-step reasoning process...",
You will be given: "conclusion”: "...overall quality...”
3
1. A chart (image) N
2. Candidate insight (text) ATTENTION:
High-quality insight traits: e Use ONLY integers for scoring fields; no decimals.
e Correctness & Factuality: All claims must be visibly « Provide your reasoning step-by-step inside the “evidence”
supported by the chart itself. field, but output only the JSON array inside a pure
Markdown code block (json ... ), without any extra text,
» Specificity & Traceability: Each insight must state the commentary, or formatting.
subspace, variables and effect size exactly as encoded
in the chart, with a clear range and a pointer to the
figure so someone can re-inspect the evidence. We next present the system prompts for the
e Insightfulness & Depth: Go beyond narrating the obvious Sta—ge'local evaluators used m Selectlve TTS, 1mn-
shape. Use chart cues to expose structure: subgroup . . . .
heterogeneity, sustained crossovers, changepoints, CIUdlng thOSC fOI’ meta report’ dlreCthIlS, and n
seasonality, contribution patterns. Trivally state the Slghts Each is taﬂored to ltS respective Stage’s
obvious is not acceptable and digging out the deeper A .
reasons and patterns is needed. ob]ectlve.
e So-what quality (Actionability | Predictability |

Indication): Provide an evidence-tied next step, a
conditional prediction with a time/segment scope, or a
concrete indicator/threshold.

You are an expert dataset curator and evaluator. You will

Scoring criteria (-100 each, higher = better): Based on receive ONLY a list of candidate “About Dataset” write-ups

the above traits, assign an integer grade to each insight:

as:

e Correctness & Factuality 1: <text>
2: <text>

+ Specificity & Traceability 3: <text>

* Insightfulness & Depth Each item is intended to describe a dataset given only very
limited inputs (shape, column names with detected types,

* So-what quality (Actionability | Predictability | 1-2 sample rows). Your job is to rank these candidates from

Indication) best to worst based solely on the text provided for each

candidate. Do NOT assume any external context.

Each criterion should be scored between @ and 100 specified, Evaluation criteria:

based on how well the insight meets that criterion.

Requirements (Think step-by-step) 1. Correctness & Caution: Stays strictly within the likely
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facts suggested by column names/types/sample. Uses hedged
language (“likely”, “appears to”). Avoids inventing
provenance, licensing, period, coverage, missingness, or
correlations not evident from names/sample.

2. Clarity & Organization: Reads like a formal “About the
Dataset” description. Begins with a clear overview of
what the table appears to contain and how it is structured,

then moves naturally into more fine-grained explanations.

3. Variable Explanations: Provides detailed but
appropriately cautious interpretations of each column,
mentioning potential units or ranges only when names or
sample values make them evident. When relevant, notes
the likely role of a variable, such as an identifier, a
feature, a target, a timestamp, a text field, or general
metadata.

4. Analysis & Visualization Directions: Suggests broadly
applicable directions for exploratory analysis based
on column types, such as examining distributions for
numeric fields, comparing frequencies for categorical
fields, exploring temporal patterns for datetime fields,
sketching simple spatial patterns for geographic fields,

or summarizing common terms for text fields. Avoids
domain-specific assumptions.
5. Helpfulness for Downstream Tools: The description

should be structured, precise, and readily usable by
chart-planning or code-generation tools, enabling them
to act directly on the information provided.

Output format (valid JSON in a single fenced block; no extra
text):
- "ranking” field: a Python-style list of the candidate
indices ranked best-worst, using 1-based integer indices,
e.g.:

[2, 1,3, ...

- "evidence” field: your reasoning for the ranking. Here is
an example of the output:

" json
{
"ranking”: [2, 1, 3, ...],
"evidence": "...reasoning for ranking..."
3
ATTENTION:

e Return only the only the JSON inside a pure Markdown code
block (“‘json ... “‘), without any extra text, commentary,
or formatting.

e Please rank from best to worst and include all candidates
indices in the ranking.

You are an expert analytics planner evaluating candidate
analysis/visualization DIRECTIONS. You will receive ONLY a
list of direction candidates as:

1: <text>
2: <text>
3: <text>
Each item is intended to be an actionable single-chart

(or single-analysis) direction produced without external
context. Rank them from best to worst based solely on the
given text.

Evaluation criteria:

Actionability & Specificity: Clearly states the intended
plot/analysis and how to construct it (what metric,
breakdown/grouping, comparison, aggregation, filter
or encoding). One direction should map cleanly to one
chart/analysis.

2. Feasibility Without Extra Assumptions: Avoids requiring
data not obviously implied by typical tabular schemas.
No hidden variables or undocumented preprocessing.

3. Analytical Value: Yields meaningful insight potential
(comparisons, distributions, trends, segment breakdowns).
Not just “analyze the data” with easy visualizations.

4. Complexity: Avoids overly simple directions that produce
trivial charts (e.g., single univariate distribution
without grouping).

Output format (valid JSON in a single fenced block; no extra

text):

- "ranking” field: a Python-style list of the candidate
indices ranked best-worst, using 1-based integer indices,
e.g.:

2y Up 85 cood

- "evidence” field: your reasoning for the ranking. Here is
an example of the output:

T json
{
"ranking”: [2, 1, 3, ...],
"evidence": "...reasoning for ranking...”
}
ATTENTION:

¢ Return only the only the JSON inside a pure Markdown code
block (“‘json ... “‘), without any extra text, commentary,
or formatting.

* Please rank from best to worst and include all candidates
indices in the ranking.

You are an expert insight reviewer evaluating candidate
INSIGHTS (short textual findings) that accompany a chart.
You will receive ONLY a list of insight candidates as:

1: <text>
2: <text>
3: <text>

No chart or metadata is provided; judge each statement on
intrinsic quality alone. Rank from best to worst.
What to value (higher is better):

1. Clarity & Precision: States a concrete observation
or comparison; avoids vague language. Uses cautious
phrasing where appropriate (e.g., “appears”, “likely”).

2. Specificity & Verifiability: Mentions what changes or
differs (direction, segments, relative ordering/time
movement). Claims are checkable in principle (comparative
statements, trend descriptions, segment contrasts).

3. Non-Triviality & Insightfulness: Goes beyond tautologies,
superficial descriptions, or mere restatements of labels.
Provides a substantive interpretation or highlights an
informative pattern, contrast, or relationship that adds
value beyond the obvious.

4. Balanced & Non-Speculative: Avoids causal explanations,
business inferences, or numerical estimates that cannot
be verified. No invented quantities or unsupported
assumptions.

5. Consistency & Scope Control: Avoids  internal
contradictions and keeps the statement within a
reasonable and coherent scope, focusing on a single,

self-contained insight without overextension.

Output format (valid JSON in a single fenced block; no extra

text):
- "ranking” field: a Python-style list of the candidate
indices ranked best-worst, using 1-based integer indices,
e.g.:
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2, 1,3, ...

- "evidence” field: your reasoning for the ranking. Here is
an example of the output:

“json
{
"ranking”: [2, 1, 3, ...],
"evidence": "...reasoning for ranking..."
3
ATTENTION:

e Return only the only the JSON inside a pure Markdown code

block (“‘json ... “‘), without any extra text, commentary,
or formatting.

e Please rank from best to worst and include all candidates
indices in the ranking.
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