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Figure 1: NoteFlow allows users to inspect provided charts after each cell (A) to understand the localized data state, and to
freely select any chart (A1) as a “sight glass” to trace how a specific facet of the data evolves across the notebook (B).

Abstract
* All authors are affiliated with the State Key Lab of CAD&CG, Zhejiang University. Computational notebooks offer a flexible environment for exploratory
"Dazhen Deng is the corresponding author. data analysis (EDA), but this flexibility often leads to disorganized

and iterative execution of notebook cells, making it difficult to
@ OO0 track how data states evolve. Consequently, data scientists must

AT devote extra mental effort to staying aware of data states, which

This work is licensed under a Creative Commons Attribution-NonCommercial- is both tedious and prone to overlooking anomalies. To address
NoDerivatives 4.0 International License. his chall d 1 dN Fl book . h
CHI *26, Barcelona, Spain this challenge, we “eve oped NoteFlow, a notebook extension that
© 2026 Copyright held by the owner/author(s). leverages charts as “sight glasses” to provide a consistent and con-
ACM ISBN 979-8-4007-2278-3/2026/04 tinuous tracing of data flow. NoteFlow allows users to (1) validate

https://doi.org/10.1145/3772318.3790356


https://orcid.org/0009-0005-6089-7694
https://orcid.org/0000-0002-9057-8353
https://orcid.org/0009-0000-9871-2644
https://orcid.org/0009-0004-0881-4292
https://orcid.org/0009-0006-6089-380X
https://orcid.org/0000-0002-8203-9667
https://orcid.org/0009-0002-1874-1176
https://orcid.org/0000-0002-1119-3237
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3772318.3790356

CHI 26, April 13 17, 2026, Barcelona, Spain

various facets of the current data state using recommended charts
provided immediately after each cell execution, and (2) trace the
global evolution of selected charts to continuously observe how
particular data attributes evolve throughout the EDA process. We
evaluated NoteFlow's e ectiveness through a controlled study with
12 participants and a one-month eld study with 2 data scientists
on real-world work ows.
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which disrupts work ow and increases cognitive overhead. The
inherently exible but non-linear execution of notebooks further
complicates this process, making it di cult to trace the evolution
of data across transformations and decisions.

To address these limitations, we explore how charts can serve
as consistent and continuous sight glasses , providing visual
anchors that allow users to monitor, revisit, and reason about data
evolution throughout the notebook. We implement this idea in
NoteFlow, a notebook extension designed for consistent and con-
tinuous data ow tracing, where data ow is de ned as evolving
data tables (represented as Pandas dataframes) and their transfor-
mation lineage. Unlike prior approaches that focus on the local
inspection of data, NoteFlow introduces a linked interface that
connects notebook code with a global view of data ow. Charts
are anchored to the evolving data ow and can be traced across
transformations, enabling users to reason about how the same ana-
lytical aspect changes over time rather than repeatedly inspecting
disconnected snapshots. Speci cally, NoteFlow enables users to:
(1) inspect intermediate dataframe states through recommended

Glasses for Consistent and Continuous Data Flow Tracing. In Proceedings charts, and (2) trace selected charts to understand how dataframes
of the 2026 CHI Conference on Human Factors in Computing Systems (Cll{,|ye throughout the analysis. As the notebook progresses, traced
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1 Introduction

Exploratory Data Analysis (EDA) is important for data workers to
uncover patterns, test hypotheses, and ensure data quality before
formal modeling [, 51]. EDA is inherently iterative and decision-
driven, involving repeated cycles of data transformation, inspection
of intermediate data tables, and decision-making for further explo-
ration. This process gives rise to a dynamic data ow, composed
of evolving data tables and their transformation lineage.

Computational notebooks, such as Jupyter Notebooks and R
Markdown, are the most widely used tools for EDAY. Their
interactive and exible design allows data workers to execute code
incrementally, providing immediate feedback and enabling rapid im-
plementation of new decisions. These features make computational
notebooks particularly well-suited for the iterative and exploratory
nature of EDA. Despite their exibility, computational notebooks
provide limited built-in support for inspecting intermediate data
tables. As a result, users often resort to writing custom code to
visualize data, which can be tedious and error-prone. To ease this
burden, several tools§ 9, 21, 56, 60 have introduced automated
charting or pro ling techniques to assist with the quick inspection
of the latest data state.

However, EDA work ows typically involve a sequence of oper-
ations across cells, generating multiple intermediate tables with
numerous attributes. Even with automation, thoroughly inspecting
each table remains cognitively demanding and time-consuming,
increasing the risk of unnoticed issues propagating downstream
and leading to anomalies in later analysi89 58. This challenge
stems from a fundamental limitation of current tools: they o er
only localized, static snapshots that typically show the latest data
state or immediate changes, without providing a cohesive view
of how data evolves throughout the notebook. As a result, when
anomalies arise downstream, users are forced to scroll through
previous cells, re-run code, and mentally reconstruct earlier states,

%harts are automatically updated, and their visual encodings are
adapted to preserve semantic consistency across steps, enabling
meaningful comparison. With these features, NoteFlow supports
both localized inspection and global understanding of data ow e -
ciently and cohesively. Implementing such an extension introduces
two key challenges:

Scalable tracing of the entire EDA ow. In computational
notebooks, a single transformation cell can generate multiple in-
termediate tables, making it di cult to trace all resulting states.
Flexible and non-linear cell execution further leads to tangled table
relationships, complicating their visualization in a coherent layout.
Therefore, a core challenge is to scaleably visualize the explosion
of intermediate tables and their relationships while maintaining
global clarity. This calls for selectively de-emphasizing less rele-
vant tables while keeping tables of interest in focus. To this end,
NoteFlow employs code parsing to extract and index intermediate
tables along with their transformation lineage, and visualizes them
in a node-link diagram where nodes represent tables and edges
encode transformation relationships. The diagram adopts a top-
down linear layout aligned with cell execution order, and supports
selective table tracing while automatically collapsing irrelevant
nodes, enabling scalable and structured data ow tracing.

E ective slicing of the complex data space. Charts o er a
window into the data by visualizing speci ¢ attributes to reveal
underlying patterns. However, real-world tables often have many
attributes, making exhaustive exploration impractical. While chart
recommendation techniques [38] help narrow this space, most ex-
isting methods P, 21] focus on a single table and provide limited
support for reasoning across the many intermediate tables created
during EDA. Therefore, a key challenge is to maintain semantic
consistency in chart recommendations across evolving tables, en-
suring that visualizations remain comparable and interpretable as
data transforms throughout the analysis. To address this, NoteFlow
not only recommends charts for individual tables, but also orga-
nizes user-selected charts into a comparable view spanning multiple
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intermediate tables. Speci cally, NoteFlow preserves consistent se- histograms and heatmaps. Although comprehensive, these sum-
mantic encodings for the selected charts across transformations, maries can overwhelm users and require time-consuming interpre-
keeping the same visual mapping as the data changes. This design tation. Lux [21] and Solas 9] recommend charts to illustrate inter-
constrains the chart space, makes data patterns comparable acrossmediate data tables. However, their recommended charts and their
tables, and enables users to e ectively trace how data changes presentation order vary across cell executions, hindering consistent

throughout the analysis.

We evaluated NoteFlow through a comparative user study and a
one-month eld study. The comparative study shows that NoteFlow
e ectively supports tracing evolving data ow and maintaining
awareness of both global and local data states. These bene ts stem
from its consistent chart encodings, dynamic tracing mechanisms,
and the global overview of the data transformation process. User
feedback indicates that NoteFlow's intuitive interface lowers the
barrier to monitor data states, while its exible tracing features
support both backward and forward exploration. The eld study
further complemented these ndings by examining how NoteFlow
was adopted in real-world data and scenarios, showing that local in-
spection reduced the overhead of data checks, chart tracing helped
build clear mental models of data evolution, and these features col-
lectively reduced unnecessary re-execution. It also revealed bound-
aries in NoteFlow's current support. We summarize key insights
from both studies and discuss lessons learned to inform future work.
The contribution of this study includes:

We propose a conceptual framework for data ow tracing in

computational notebooks that integrates ow parsing, chart rec-
ommendation, and chart-based tracing.

We design an interface that links data ow with notebook code,
with charts rendered over the ow to support tracing data evolu-
tion across the analysis. We implement this design in NoteFlow
as a notebook extension.

We conduct a comparative user study and a one-month eld
study to demonstrate the e ectiveness of NoteFlow in enhancing
data ow comprehension and supporting real-world work ows.

2 Related Work

This section reviews studies on support for exploratory data analy-
sis in notebooks and visualization recommendations.

2.1 Support for Exploratory Data Analysis

Exploratory data analysis is inherently non-linear and iterative, yet
computational notebooks typically enforce a linear cell execution
structure. This mismatch often results in disorganized execution
orders, complex cell dependencies, and multiple analysis versions
making it challenging for users to maintain awareness of the cur-
rent analysis state. To address these challenges, researchers hav
developed various tools to help users manage and trace analysis
stages during EDA, categorized into three types: data-centric, code-
centric, and hybrid.

Data-centric tools focus on presenting the data patterns dur-
ing EDA, including distributions and statistics. Some tools directly
provide interfaces for visually exploring dataset3j 54. Others
integrate data previews into code-driven EDA environments, allow-
ing users to examine how intermediate data states evolve. Pandas
Pro ling, for example, provides detailed summaries of data features,
including missing values, distributions, and correlations through

Thttps://github.com/ZJUIDG- AIVA/NoteFlow

tracking of speci ¢ data aspects, such as attribute distributions.
AutoPro ler [ 8] o ers statistical summaries and distributions in a
stable layout after each cell execution, updating in real-time. Un-
ravel [43 and Xavier [6( further visualize how data tables change

at each execution step. However, these tools focus only on com-
paring the most recent data state or changes, lacking continuous
tracking of data evolution throughout the complete EDA work ow.

Our approach aligns closely with these data-centric tools, sharing
the goal of understanding data states during EDA. However, our
method di ers by providing continuous and consistent tracking
of data throughout the entire analysis process. Speci cally, we
utilize visualizations as sight glasses, enabling users to seamlessly
and comprehensively monitor global data evolution, addressing
the limitations of existing tools that either lack consistency across
executions or continuous data state tracking.

Code-centric tools focus on tracing and visualizing code de-
pendencies and execution order, supporting management of it-
erative analysis work ow and multiple analytical paths. Unlike
data-centric tools that present the e ects of operations on data
tables, code-centric tools primarily manage and visualize code exe-
cution structures. Speci cally, to clarify messy code dependencies,
Brown et al. P] explore minimaps and directed graphs to visual-
ize cell dependencies. Data ow Notebook( assigns persistent
identi ers to notebook cells, explicitly encoding cell dependen-
cies through expanded references. Shankar et al. introduce NB-
Slicer |41], which resolves dynamic code dependencies in a bolt-on,
low-overhead manner. Building on the dependency information,
subsequent work analyzes these dependencies to improve notebook
robustness and support richer notebook interaction. Kisk2g[pre-
serves notebook-state checkpoints to help users return to previous
analytical contexts. NBSafety3{] examines ne-grained cell de-
pendencies to detect unsafe interactions arising from out-of-order
or repeated execution. Several notebook todl4 B2 36 further
leverage dependency information to support reactive execution, au-
tomatically re-running downstream cells when their inputs change,
as in Observable34 and IPy ow[1€. Head et al. L3 develop
an extension to clean the messy notebook code. For managing
analytical alternatives, prior work has explored alternative note-
book layouts [L2. For example, Fork I1t§0 and Variolite [1§
enable users to create and explore alternative code pathways. Stick-

?/Land [49 introduces oating cells that enable users to organize
code in a exible, non-linear manner. VerdanL§ records anal-
ysis activities to allow retrospective exploration of prior analysis
choices. Recognizing the collaborative aspect of EDA, multiverse
analysis approachesl, 40 support comparing work ows, un-
certainties, and analysis variations across analysts. Additionally,
NBSearch23 and EDAssistant24 leverage semantic modeling

to e ciently retrieve relevant scripts from code repositories.

Although distinct from our data-focused approach, these code-
centric tools provide valuable insights for managing complex code
dependencies and iterative analysis paths, informing our strategy
to trace data states consistently and continuously.
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Hybrid tools integrate aspects of both code and data, primarily
to manage di erences across notebook versions, where both code
and data outputs may vary. For instance, Loofk\isualizes di er-
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on the information, she identi es several attributes that require
further cleaning. For example, string attributes like Installs and
Size should be converted to numerical formats (Figure 2A2). She

ences across notebook versions, capturing changes in cells, scripts,then writes transformation scripts to update these attributes (Fig-

and outputs, including data tables and visualizations. DI %] [also

ure 2B3). To verify the changes, she writes visualization code to

shows the code changes through versions, but emphasizes more on inspect the distributions of the transformed attributes (Figure 2B4).

the changes in data table characteristics, such as distribution shifts
across notebook versions. However, these hybrid tools primarily
highlight di erences between notebook versions rather than data
states within an independent analysis process, distinguishing them
from the data-centric tools above and our work.

2.2 Visualization Recommendation

Visualization recommendation aims to generate charts with e ec-
tive visual designs and data insights based on user inputs, like
a data table and optional analysis requirements. Existing meth-
ods can be categorized into rule-basedi,[46 52 54, learning-
based 6, 15 22, and hybrid [27, 28 33 approaches. Rule-based
methods rely on established visualization principles, such as Com-
passQL, which enumerates design constraints to suggest optimal
charts. Learning-based methods, [15 22, 37, 59 generate vi-
sualizations end-to-end, while hybrid methods combine visual-
ization knowledge with machine learning models. For instance,
Draco [33 uses answer set programming to apply visualization
rules, and DeepEye[, 28 employs ranking models to select the
most compelling charts from a vast design space. Recent stugdies [
5,26 42 44,48 55 focus on generating multi-view visualizations to
support complex data analysis, typically from static tables. In con-
trast, the chart recommendations in this study initiate the analysis
of dynamic EDA ows.

In computational notebooks, Lux2fl] enables users to trigger
visualization recommendations with a single line of code specifying
intents. Building on Lux, Solas®[ extends recommendations by
considering the history of data analysis. However, these methods
only recommend charts for individual tables without tracking data
changes across the EDA process. Additional support is needed to
connect data insights across di erent cells.

3 Problem Formulation

We illustrate our system's motivation through a scenario that high-
lights how data workers monitor global data states during EDA
using a basic Jupyter Notebook, along with the associated chal-
lenges they encounter. Following this, we review related studies to

assess the progress made and the remaining gaps in current tools.

From these insights, we derive design requirements to guide the
development of our system.

3.1 Motivating Scenario

The scenario demonstrates the challenges (CHs) encountered while
writing EDA scripts in Jupyter Notebook, where users need to
monitor data states in the process. Alice, a data analyst, is tasked
with cleaning and analyzing a dataset on Google Play Store Apps.
She begins by importing the libraries and loading the dataset.

Pro ling and data cleaning. After loading the dataset, Al-
ice prints various pro ling information from the dataframe (Fig-
ure 2A1), such as attribute types and null value counts (CH1). Based

With multiple attributes requiring transformation, each involving
several steps, this process quickly becomes repetitive and labor-
intensive (Figure 2B1), as she must repeatedly copy, edit, and run
visualization scripts to monitor intermediate results (CH1). Ad-
ditionally, inserting visualization scripts between transformation
steps increases the overall length of the notebook (Figure 2B2), mak-
ing it cumbersome to navigate through the notebook and track data
changes (CH2). Alice has to scroll through the lengthy notebook
to check and compare the results.

Discover, locate, and x the anomaly. After cleaning the
data, Alice begins to explore data patterns by grouping data and cre-
ating charts (Figure 2C1). However, when she visualizes the mean
ratings of free versus paid apps, she notices an unexpected zero
value in the Type attribute (Figure 2C2). Alice wonders where
this issue originated and which line of scripts may have caused it.
She rst searches and con rms there are no transformation scripts
directly applied to the Type attribute. Next, she scrolls through
the notebook to identify the intermediate dataframes preceding
the current one. However, the lack of clear indications makes these
intermediate states di cult to nd and recognize (CH3). Moreover,
as the intermediate dataframes have been overwritten, she can
not create charts on them to revisit the Type attribute (CH4).
The only charts available are those created earlier, which do not
include the Type attribute. As a result, Alice has to re-run each
cell and manually insert visualization code to inspect the Type
distribution (Figure 2D1). She repeats this process until identifying
the responsible code line (CH5), which requires inserting and com-
paring multiple charts (CH2). By comparing the charts step by step
(Figure 2D2), she discovers that the issue is caused by an operation
applied to the Size attribute, which mistakenly sets many data
rows to zero (Figure 2D3). After xing the code, Alice reruns the
subsequent cells to verify the correction. However, as the cells are
re-executed, the previous charts are overwritten, forcing her to
compare the results mentally, which makes it di cult to track the
changes before and after the x (CH4).

In summary, monitoring data states during EDA in traditional
notebook work ows faces the following challenges:

CH1. Tedious manual programming for data visualization.

Users have to manually create and update visualization scripts,
which is both time-consuming and error-prone.

Cognitive overload from comparison among cells. Un-
derstanding how data evolves requires comparing results
across multiple cells. As the notebook grows and the num-
ber of cells increases, mentally remembering and comparing
these results becomes increasingly demanding.

Lack of clear indication in the relationships between
dataframes. Users struggle to identify where a dataframe
originated and how it was transformed throughout the anal-
ysis, as these relationships are buried in the script and not
visually represented.

CH2.

CH3.
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Figure 2: Motivating scenario (subsection 3.1). The EDA process will encounter a series of challenges that require tedious e orts
in programming when conducting data pro ling (A), data cleaning (B), data analysis and anomaly discovery (C), and locating
the anomaly (D).

CH4. Loss of execution history and previous data states. Dur- To monitor global state changes, users must repeatedly insert the
ing EDA, previous states of data may be overwritten, and codes, which only simpli es the process of writing visualization
the history of re-executed cells may be obscured, making it codes compared to traditional work ows. AutoPro ler eliminates
di cult to revisit and compare data states over time. the need for code insertion by automatically updating visualizations

CHS5. Repeatedly copying and editing the same visualization and pro ling to re ect the most recent state. However, it only
codes. To monitor the data states in speci ¢ attributes, users  shows the latest state of the data and does not support revisiting
repeatedly copy and paste the same visualization code, which or comparing previous states. In this study, we enable users to
is ine cient and redundant. use recommended charts as sight glasses to trace the global data

ow, enabling users to track and understand how data evolves

. throughout the entire EDA process.
3.2 Progress and Gaps in Current Tools g P

Several studies have attempted to enhance EDA by providing visu- ) )

alizations that help users better understand data states (CH1). The 3.3 Design Requirements

most notable examples are Lug1], Solas f], and AutoPro ler [8]. Based on the challenges identi ed in the motivating scenario and
Lux and Solas recommend visualizations based on data insights and the progress and gaps in current tools, we derive the following
analysis history, o ering a quick overview of patterns and trends  design requirements (RQs) to guide our system's development:
that align with the user's operations and speci ed intents. AutoPro-

ler focuses on displaying basic information about the data, such RQ1. E ective chart recommendation. The system should rec-

as the distribution and pro ling of each attribute. We consider both ommend charts that e ectively represent the key aspects of
data insights and pro ling valuable and incorporate these factors the data, considering both data insights and pro ling infor-
into our chart recommendations. mation. These recommendations should help users quickly

On the other hand, both Lux and AutoPro ler primarily focus grasp data states at any given point, reducing the need for
on local data states and lack support for understanding the global manual chart creation.

state of the data (CH2-CHD5). Lux requires users to write specic  RQ2. On-demand tracing of changed related data. The sys-
visualization intent codes to display the current state of a dataframe. tem should allow users to trace the data ow on demand,
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