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ABSTRACT

Computational notebooks impose a linear structure that impedes data analysts’ sense-
making process with overwritten cells, dead-end code, and fragmented logic. This challenge is
especially pronounced when analysts either encounter a notebook authored by someone else
or revisit a self-authored notebook after significant time has passed. In both cases, under-
standing the analysis code becomes convoluted and laborious. To address these barriers, we
introduce LEO, a computational notebook tool that operationalizes notebook summarization
by leveraging large language models to (1) cluster analysis patterns and (2) trace variable
use. LEO organizes code into a two-level hierarchy–General Level Sections and Code Level
Actions—integrated with in-line textual summaries filtered on the variable-level, further
supporting task-driven exploration. We evaluate the system’s effectiveness in a user study
with five computational notebook users across two realistic use cases. Participants reported
that LEO streamlined code comprehension and navigation of undocumented notebooks by
allowing them to query variables and traverse code cells with greater ease.

Thesis supervisor: Arvind Satyanarayan
Title: Assistant Professor of Computer Science
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Chapter 1

Introduction

Data analysts typically begin their workflow with an Exploratory Data Analysis (EDA),

a free-form coding session in which they examine dataset attributes, compute descriptive

statistics, and create visualizations to better understand the data [1]. Without the pressure

to prove a specific hypothesis, analysts conduct EDAs to explore the data without limitations,

often uncovering patterns, validating assumptions, and generating insights otherwise difficult

to discover by looking at the raw dataset [2]. Computational notebooks have become the de

facto environment for conducting this detective work because of their support for flexible

experimentation and rapid iteration [3]. However, this freedom can quickly become convoluted

and difficult to follow as analysts execute code cells out of order, fail to delete irrelevant

code, and attempt to fit tree-like analyses in linear notebooks [4]. Consequently, these

notebooks turn into tangled and unorganized chains of long execution traces that are non-

linear, difficult to parse, and hard to reproduce [5]. This exacerbates the cognitive load for

analysts to maintain a clear and strong mental map of the notebook [6], encountering friction

in reconstructing variable provenance and the chronological flow of code.

Although this issue persists throughout continuous EDA, it is particularly challenging

when an analyst makes sense of an unfamiliar notebook. In this paper, an unfamiliar notebook

is defined as a notebook authored by someone else or a self-authored notebook that is being
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revisited after a significant period of time has passed. Our formative studies reveal that

analysts approaching an unfamiliar notebook are most often goal-driven [7]. As the first

step of the sensemaking process, analysts must familiarize themselves with the structure

and content of the notebook [6]. This process is laborious, making it difficult to accomplish

the goal at hand. For example, an analyst tasked with extending a previously conducted

EDA will need to examine the notebook authored by their coworker. This task involves both

grasping the overall analytical flow and specific transformations applied to each variable to

then identify the most interesting insights and continue the EDA as if they were the original

author. In practice, this dual requirement is tedious: high-level patterns remain obscured in

blocks of code, while detailed usage of dataframes, visualizations, and functions is buried

across fragmented cells. To bridge this gap, we leverage notebook summarization to facilitate

code comprehension for targeted task completion.

A review of past literature reveals limitations in current attempts to fully support

understanding the code of unfamiliar notebooks. Existing tools focus narrowly on either

cell-level behavior [8] or isolated variable traces [9], and often present their findings through

dense node-edge graphs [10–15].

To address these gaps, we present LEO, a lightweight VS Code extension that automates

notebook summarization through a structured framework for understanding notebook code

at both the top-level and detailed-level via concise textual summaries. We leverage large

language models (LLMs) to generate structured summaries that capture overarching analysis

groups and track variable usage to orient analysts making sense of unfamiliar notebooks,

supporting their code comprehension and thus streamlining goal completion.

In LEO’s interface, the analysis code is summarized into a hierarchical tree outline

populated at two nested levels:

1. General Level Sections — functional analysis groups

2. Code Level Actions — specific operational groups

14



This hierarchy can then be filtered on the variable-level, seamlessly integrating in-line

textual summaries that trace a variable’s usage through the notebook in the context of the

analysis groupings. We identify that applying a variable-based filter during summarization

effectively traces variable usage throughout the notebook. This leverages a scoped narrowing

of summarization to surface relevant information to the analyst for their task. With these

levels, LEO acts as a control panel for different scopes of summarization, facilitating the

selection of targets in the notebook editor to be explained by the tool. By combining scoped

summarization with a clear, two-tiered outline, analysts can switch between big-picture

exploration and fine-grained investigation with minimal context switching.

We evaluate LEO’s usability and robustness through five first-use studies on participants

with previous data science experience. Users were presented with two unfamiliar notebooks,

encompassing both use cases defined earlier. Overall, participants found that LEO’s structured

summaries reduced the effort necessary to comprehend unfamiliar code, allowing them to

complete the assigned tasks with more ease and confidence than they would have without

the tool. All expressed enthusiasm for incorporating LEO into their own analysis workflows.

Future work on LEO can extend its utility by summarizing not only the semantic meaning

of code, but also markdown annotations and output artifacts to capture more information

and context. The addition of features for users to directly externalize their thought process

throughout sensemaking such as built-in annotation further bridges the challenges of context

switching [16, 17]. Exploring these directions is promising for extending LEO’s applicability

and utility.
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Chapter 2

Related Works

There is a rich precedence of computational notebook tools developed to simplify manual

EDA tasks ranging from data profiling [18] and notebook organization [19] to interactive

data exploration [20, 21]. While some tools utilize notebook summarization [6], they tend to

target documentation [22] or educational [23] use cases and often adopt a more narrative

style [24–26]. In contrast, our system focuses on concise textual summaries that streamline

notebook comprehension for targeted task completion in unfamiliar notebooks by leveraging

AI automation.

2.1 Porpoise

Porpoise provides an interactive overlay for labeling code sections with short, introductory

descriptions and supports direct cell annotation [6]. Although both Porpoise and LEO are

motivated by improving notebook understanding, Porpoise serves primarily as a design probe

to operationalize design, not summarization. Unlike LEO’s LLM-powered groupings, Porpoise

relies on heuristic matching against a predefined set of manually classified labels. Its scope is

also limited to high-level clustering, leaving out finer-grained details.
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2.2 InterLink

InterLink [27] is a Jupyter plugin designed to help analysts read computational notebooks by

explicitly visualizing the relationships among text, code, and outputs. It achieves this with a

two-column layout: separating the text from the code and outputs. Relevant descriptive text

is aligned with its corresponding code and output, displaying these side by side connections

for immediate reference. This transforms the linear, scroll-intensive structure of notebooks

into an interleaving, digestible narrative. However, InterLink’s effectiveness depends on

well-written markdown annotations–an assumption of good documentation that often fails

in practice [28]. In contrast, LEO aims to support poorly documented notebooks through

automated code summarization, enabling deeper understanding even in sparsely annotated

notebooks.

2.3 Generative AI in Data Science

Generative AI is increasingly being leveraged to automate the work practices of data scientists.

Most commonly, tools targeting LLM-powered code or insight generation [29] have emerged,

automating routine tasks like data processing, feature engineering, and model creation.

However, analysts’ responses to these advances remain mixed. Some express skepticism that

automation will replace their hands-on workflows, while others are optimistic about a hybrid

and collaborative future where AI completes low-level tasks while humans can focus their

expertise on domain-specific sensemaking [30].

Instead of generating new code, LEO leverages LLMs to summarize existing notebooks,

supporting analysts at the beginning of their sensemaking processes by helping them quickly

comprehend what, where, and when code executes, rather than why. By focusing on notebook

navigation and code comprehension rather than code synthesis, LEO supplements analysts’

domain expertise without attempting to replace it.

18



2.3.1 WaitGPT

WaitGPT is an LLM-powered data analysis tool that reimagines a traditional chatbot interface

by providing real-time summaries of generated blocks with visual annotations and a node-

edge graph to trace data provenance [31]. In particular, LEO prioritizes leveraging LLMs to

generate an outline of existing code. We further extend this idea to computational notebooks

with a built-in interface. Unlike WaitGPT where code blocks are summarized in isolation,

LEO summarizes code blocks within the broader notebook because of the inherent cell

structure of computational notebooks. Furthermore, whereas WaitGPT supports on-the-fly

sensemaking, LEO is optimized for retroactive comprehension enabling users to understand

existing analyses.
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Chapter 3

Usage Scenario

To contextualize how LEO aids in notebook comprehension, we present an example use case

shown in Figure 3.1. This usage scenario highlights how a user may interact with the tool to

better navigate an unfamiliar notebook and understand code they have not previously seen.

In this walkthrough, we imagine that Dana is a data scientist working with the historical

archives at the Wiener Zeitung, a newspaper organization based in Berlin. Recently, they’ve

been losing readers to the Salzburger Intelligenzblatt, and Dana is tasked with analyzing

decades-old circulation records and article topics to investigate the factors that drove historical

shifts in readership to that rival publication. One of Dana’s colleagues has already begun an

analysis. They pulled articles from the Salzburger Intelligenzblatt using public archives and

started a topic modeling analysis. Unfortunately, the colleague became ill before finalizing

the study, and Dana has now been tasked with reviewing and completing their notebook.

When Dana opens the notebook in VS Code, she is immediately confronted with lengthy,

sparsely documented code. To address this, she opens LEO, an extension developed to

summarize computational notebooks and aid in code comprehension. Upon launch, LEO

automatically generates a hierarchical outline of the notebook, presenting headings that

reflect the content of her colleague’s analysis 1 .

Dana expands the Data Analysis heading hoping intermediate visualizations might give
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her some context. She clicks on the Plot Data Distribution subheading which scrolls

her notebook editor to a series of charts 2 . However, she notices that each plot references

opaque variables like wz and sz. A Cmd + F search fails to show her their definitions,

suggesting that these variables were introduced by a complex preprocessing pipeline earlier

in the notebook.

Noticing that LEO also has wz listed as one of the most frequently used variables in the

notebook, Dana clicks its pre-populated tag in the variables pane. This instantly augments

the outline with in-line summaries, and the one sentence header reveals that wz is a dataframe

containing Wiener Zeitung’s cleaned, preprocessed historical text corpus, named after the

publication’s initials. LEO additionally details the specific transformations applied to wz,

including column slicing, year-based filtering, and OCR cleanup, giving Dana clarity on the

variable’s processing steps 3 .

While skimming the in-line summary for sz, Dana notices the subheading Prepare and

Visualize Issues Data. Clicking this node jumps the notebook to its associated code cell,

where she finds sz alongside the variable df_issues. She initially assumes df_issues must

capture data quality issues in the corpus, but the displayed bar chart only shows article counts

by year. To clarify its purpose, Dana hovers over df_issues and selects the Summarize

the variable "df_issues" command 4 .

Dana then clicks on the in-line summary sentence detailing the dataframes initialization,

navigating her to the relevant code in the editor 5 . Between the in-line summaries and the

code, she discovers that df_issues is not data quality issues, but rather the original wz and

sz datasets grouped by year, representing the number of annual publications. By surfacing

the variable’s usage and derivation steps, LEO clarified the semantic meaning of df_issues,

helping Dana in correcting her initial misinterpretation.

Through this iterative process, she is able to understand her colleague’s EDA process and

confidently proceeds where they left off, exploring topic-modeling analysis to identify the

reasons behind shifts in readership.
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Figure 3.1: An analyst’s workflow with LEO.
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Chapter 4

LEO System

4.1 System Overview

LEO is a tool that generates structured summaries of computational notebooks to streamline

notebook comprehension. LEO’s interface, depicted in Figure 4.1, contains two main sections:

a tree outline and a variables pane. Through the tree outline, LEO supports a top-down

exploration of notebooks. The tree is populated with nested LLM-generated headings,

clustering different analysis steps present in the code (Figure 4.1 b ). The variables pane

supports a bottom-up investigation by allowing analysts to select any variable defined in

the notebook to track its usage (Figure 4.1 a ). Selecting, or querying, a variable generates

in-line textual summaries that track variable use, targeting the semantic meaning of code

across the notebook (Figure 4.1 c ).

4.2 Design Goals

Our implementation of LEO was guided by several overarching design goals derived from

formative studies in addition to our literature review.
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Figure 4.1: Overview of LEO’s interface.

4.2.1 Formative Studies

We conducted formative studies early in LEO’s development to identify and understand pain

points experienced by computational notebook users to guide our design.

Issue Type Pain Points

Structural • Linear cell layout makes it hard to connect code to functionality
• Out-of-order or interleaved cells are difficult to keep track of
• Long notebooks are difficult to divide into meaningful sections
• Even small edits can substantially lengthen the notebook
• No intuitive way to separate code into modules or files

Interaction • Cannot link comments or notes to specific variables or cells
• Lack of dynamic updates (i.e. changes in one cell don’t propagate automatically)

Technical • Runtime environment inconsistencies and frequent re-installation requirements
• Difficult to perform with large datasets

Table 4.1: Common pain points reported by notebook users we interviewed.

Table 4.1’s top pain points reflect a struggle of sensemaking and code tracking imposed

by the strictly linear environment of notebooks. To scope our solution, we target two realistic

use cases:

1. Newly navigating a notebook authored by someone else
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2. Reentering a self-authored notebook after a long time has passed

When asked about their purposes for entering unfamiliar notebooks, users responded that

they are often task oriented. One example described by a user was that she sometimes enters

a colleague’s notebook to extend their EDA, but only has interest in one specific attribute of

the original dataset. However, she still needs to understand the content of the notebook at

a high-level, as well as the more detailed usage of that specific attribute to complete this

task. Without support, these tasks quickly become overwhelming and unwieldy due to the

complexity of notebooks, often containing hundreds of variables. LEO is designed to address

these challenges.

4.2.2 Seamless Embedding

Because of the rapid, iterative nature of analysis workflows, it is crucial to integrate notebook

tools smoothly with the notebook layout to prevent workflow disruption [29, 30]. Our

interface design will prioritize lightweight notebook navigation [31] to minimize the amount

of context-switching analysts have to do throughout their analysis while seamlessly surfacing

information that maximizes context preservation.

4.2.3 On-Demand Thematic Groupings

In the formative studies, users gave strong signals that a tree outline was helpful to gain a

quick, concise overview of the code, with one participant exclaiming that the tree is “good

for me as a developer.” For example, users stated that they often forget if variables are used

and whether they are renamed throughout the notebook, requiring them to expend mental

energy on manually investigating that variable’s usage. Ideally, our tool would help reduce

this cognitive overload, supporting the analyst in more easily and confidently approaching

their task by scaffolding the onset of their sensemaking process with digestible summaries.

With the tool, we wanted to prioritize the ability to transform something unfamiliar into a
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familiar structure with less words.

Some users mentioned that more user customization could be desirable such as adjusting

the tone or depth of the LLM-generated summaries, but we chose to omit this in the system

as a tradeoff to reducing more cognitive load and responsibility on the user, opting to focus

more on the strong scaffolding and guidance the structured summaries could provide.

4.2.4 Dynamic Scope Control

In an earlier version of the tool, we experimented with LLM-generated textual summaries

at the scope of the entire notebook. When presented with this scope of text, one user was

skeptical. While it was accurate by content, it described certain actions across multiple

sentences while describing others in just one sentence. Particularly, she was surprised it only

described what she felt was the “main point of her notebook” in one sentence out of the entire

paragraph. The AI placed emphasis misaligned with the user’s understanding of her own

notebook.

If the scope is too broad, the LLM may generate a textual summary that does not

place importance on the same functionality envisioned by the analyst. At the same time,

the LLM was starting to reason why operations were conducted in the notebook, a design

decision we purposely stray from. Because an overall textual summary of the entire notebook

was insufficient, controlling the scope of summarization by filtering on variables became an

important interaction element. This informed us on what scopes of summarization to process

and our choice to focus on operationalizing summarization for notebook comprehension at

the beginning of the sensemaking process.

4.3 Targets of Summarization

The entities an analyst would want to summarize on (content) must exist at some level (scope).

When trying to identify targets of summarization, we first enumerated all combinations of
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content (code, outputs, or markdown) at different scopes (cell, block, or notebook).

In our formative studies, users expressed that the tool was most helpful for poorly

documented notebooks, leading us to summarize only the semantic content of code, omitting

markdown and outputs. Applying multi-scope summarization to code can be achieved

through hierarchical grouping of analysis steps with broad functionality at the top-level and

progressively more detailed operations after. Furthermore, we found it most salient that

filtering code on a specific variable can also produce these summaries at the different scopes:

1. Cell: All code in one cell related to the variable

2. Block: All code across multiple cells related to the variable

3. Notebook: Traces the variable’s usage throughout the entire notebook

These findings directly inform our summarization framework, described in the following

subsections.

4.4 Implementation

The following sections detail our lightweight interface for presenting computational notebooks

after they have been processed by our data pipeline as shown in Figure 4.2. Subsections will

describe their corresponding stage in the data pipeline.

Figure 4.2: Diagram of our data pipeline for processing computational notebooks.
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4.5 Tree Outline

The tree outline is populated with two-level heading descriptors summarizing the notebook’s

entire analysis code.

Figure 4.3: LEO’s hierarchical tree outline with headings and subheadings expanded.

4.5.1 Hierarchy Structure

The hierarchical structure of the tree provides clear signposts and thematic navigation, giving

users an “information scent” [32] to guide them through complex notebooks [33]. It visually

represents the organization of the structured summaries on two levels of clustering code,

making it easy for users to understand the relationships between headings and subheadings. By

grouping code cells on functionality, we leverage Gestalt’s proximity principle [34]. Users will

naturally associate node groupings with their respective code sections, highlighting coherent

analysis patterns. Simultaneously, the continuity principle is reinforced via indentation levels,

encoding hierarchical relationships and shifts in granularity of the heading descriptors.

While the tree supports both expansion and collapsing of nodes, its initial state collapses

all nodes. We follow the principle of progressive disclosure to prevent information overload
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on first view, enabling users to incrementally expand headings of choice and gradually reveal

details as relevant to the task at hand [35].

Together, these features minimize cognitive overhead, empowering analysts to swiftly

traverse the outline and digest the tool’s summary headings by acting as a semantic table of

contents for users, especially in poorly documented notebooks lacking any organization. LEO

makes navigation easy while only targeting summarized information at the scope pertinent

to the user.

4.5.2 Headings and Subheadings

We organize the tree into exactly two levels of hierarchy–General Level Sections and Code

Level Actions. We found in testing that this balances the broad, notebook-agnostic headings

with more notebook-specific subheadings. At the top-level, each heading describes a common

analysis step (e.g. “Data Cleaning”, “Feature Engineering”, and “Visualization”) universally

seen in notebooks. Expanding these reveals a second tier of subheadings, disaggregating

the headings into more concrete and notebook-specific actions as shown in Figure 4.3. For

example, “Data Analysis” is composed of “Numerical Analysis” and “Temporal Trends in

Data”, encoding information specific to the dataset loaded in that unique notebook.

Adopting a two-level hierarchy aligns with Miller’s Law, as the tree rarely populates with

more than 5-7 headings, each with 3-5 subheadings, keeping users’ efforts to remember the

content of the much larger notebook within reasonable capacity [36]. It also facilitates a

shallow information hierarchy, further reducing navigation effort. For full details on how we

prompt the LLM to generate both levels, see Appendix A.1.

4.6 Variables Pane

In formative studies, users most commonly would attempt to summarize variables out of all

code constructs. Thus, LEO’s variables pane supports persisting and querying any variable
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in notebook content.

4.6.1 Querying Variables

Variables are represented as clickable tags labeled with their names, which users can add

or remove (persistent) and select or deselect (ephemeral). When a variable is queried, it is

automatically added to the variables pane as a tag. Tags can be removed by clicking its “×”

button. Adding a tag automatically selects, and clicking it will toggle between deselection

and selection.

Users can query variables through three entry points, with two directly within the variables

pane and a third embedded in the VS Code notebook editor.

Figure 4.4: Pre-populated entry point for variable selection.

1. Pre-populated by top frequency: At the start, the pane is seeded with the five most

frequently referenced variables in the notebook as defined by direct calls and accesses as

seen in Figure 4.4. This initial seeding provides immediate recommendation of variables

to begin investigating and reduces the barrier to entry for analysts who might otherwise

feel unsure how to interact with a blank interface.

2. Search-and-filter: A search bar at the top of the pane offers an auto-suggest dropdown

including every variable name used throughout the notebook, sorted in descending

order of frequency for similar signposting reasons as above. As the analyst types,

the dropdown filters to matching variables, enabling targeted discovery even in large,

complex notebooks. This can be shown in Figure 4.5.
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Figure 4.5: Search to add entry point for variable selection.

3. In-editor hover tooltip: We extend VS Code’s native hover tooltip [37] for Python

identifiers to include a command to query variables as seen in Figure 4.6. Normally,

the tooltips display type and documentation information. Embedding an entry point

here provides a lightweight user flow to examine variables without leaving the notebook

context.

Figure 4.6: Hover to add entry point for variable selection.

By supporting persistent tagging via multiple workflows, LEO minimizes context-switching

and cognitive overhead, enabling analysts to surface and store relevant variables as they

navigate complex analysis pipelines.

4.6.2 Textual Summaries

Querying a variable produces a concise textual summary filtered on the scope of the variable.

This summary traces the queried variable’s usage in the context of the broader notebook,

presenting information more relevant to their task. We still retain context of the entire

notebook as we are simply applying a variable-based filter to the summarization. This

approach identifies the code cells relevant to a variable, regardless of how many distinct
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sections (headings) it may span and can break down the series of chained operations typical of

fluent programming practices [38]. Consequently, these scoped textual summaries capture data

transformations and code steps specific to each variable. Our formative studies confirmed

that explicitly tracking data provenance in the current state of the code is essential for

notebook comprehension as participants expressed frustration with frequently losing track

of variable usage, especially after reassignment. By automating what was once a manual,

tedious process, LEO enables analysts to rapidly understand and contextualize variables. For

the complete prompt used to guide the LLM in generating these variable-level summaries,

see Appendix A.2.

4.7 Scope Integration

So far, we’ve described two scopes of summarization:

1. A top-level hierarchical summarization of general analysis activities

2. A detailed-level textual summarization that traces variable usage

Importantly, our system integrates both scopes across its dual-pane interface.

4.7.1 One Sentence Summary

A dynamic, one sentence summary appears above the tree outline, updating in real time to

reflect context. When no variable is queried, it describes the notebook’s high-level purpose.

However, once a variable is queried, it instead summarizes that variable’s role in the notebook.

4.7.2 In-line Textual Summaries

The previously described variable-level summaries are seamlessly embedded within the tree

outline’s hierarchical structure. Each summary is split into individual sentences, which are

then matched to tree nodes by cell index as seen in the last stage of our notebook processing
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pipeline in Figure 4.2. Because subheadings map to specific cells, filtering on a variable

automatically inserts each sentence as a child of its corresponding subheading, dynamically

extending the outline. To avoid information overload, the tree initially expands only the

headings and subheadings that are parents to the in-line summary sentences, collapsing all

other nodes. Phrases within each sentence are highlighted as the most salient code actions

which are likewise linked to the exact cells of occurrence, ensuring that summaries appear

in-line under their relevant headings. We use a one-to-many mapping approach–if a single

sentence contains multiple key phrases, it can correspond to several distinct cells. Deselecting

or removing a variable tag restores the tree to its original, unfiltered state. To optimize

performance, the filtered tree with its in-line summaries is cached on the first query of a

selected variable, so subsequent selections of the same variable render instantly. Unifying

high-level overview and fine-grained detail in a single interactive view supports comprehensive

notebook understanding by collapsing the gulf between both scopes, accelerating identification

of relevant information beyond what either scope can provide alone.

4.8 Bidirectionality

By leveraging cell indexing, we support bidirectional integration [39, 40] between the tree

outline and the notebook editor. This lightweight overlay of LEO’s functionality directly

within the notebook minimizes the gap between summarizing and source code, providing

click-to-navigate interactions that instantly highlight corresponding code segments and vice

versa. By tightly coupling summaries with their source code, users can navigate the notebook

with minimal scrolling [41] or searching.

4.8.1 Tree-to-Notebook

In the tree-to-notebook direction, children nodes act as the navigation anchor. Clicking any

child node scrolls and centers the corresponding code cell in the VS Code editor. When a
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tree node spans multiple cells, we default to the earliest cell by position index. Because of

the one-to-many implementation for our in-line summary nodes, clicking the highlighted

phrase within the summary sentence will directly navigate to the exact cell where the action

occurred.

When the tree is unfiltered, this behavior applies to all subheading nodes. When the

tree is filtered, this behavior applies to all in-line summary nodes, but only to subheading

nodes without in-line summaries (i.e. irrelevant to the selected variable’s provenance). Thus,

the interactivity of parent nodes in our interface is only to expand or collapse their children

rather than to navigate to source content. We choose to not trigger navigation for these

parent notes to prevent unintended jumps in the editor and reduce cognitive distraction.

4.8.2 Notebook-to-Tree

In the notebook-to-tree direction, clicking a code cell in the notebook editor will automatically

expand and highlight its corresponding subheading, as well as scroll that node into center

view. This behavior directs the user’s attention to the source code’s corresponding analysis

step or operation while still preserving the tree’s existing expanded nodes. We choose to not

force collapse the previously expanded nodes to similarly prevent unintended navigation and

minimize cognitive distraction as users may often be clicking cells for code editing rather

than actual tree interaction.
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Chapter 5

Evaluation

5.1 Interview Structure

PID Job Role Computational Notebook Experience

P1 Computer Science Master’s student 5 years
P2 Aeronautics and Astronautics PhD student 3 years
P3 Computer Science undergraduate student 2-3 years
P4 Civil and Environmental Engineering PhD student 2 years
P5 Computer Science PhD student 5-6 years

Table 5.1: Demographic information of user study participants.

To evaluate the usability of LEO, we conducted a first-use study with 5 representative

users, including a mix of undergraduate, Master’s, and PhD students with prior experience in

data science and machine learning. All participants regularly use computational notebooks

in academic classes and research with experience ranging from 2-6 years. They represented

disciplines including Computer Science, Aeronautics and Astronautics, and Civil and Envi-

ronmental Engineering. Participants were recruited from classmates, colleagues, and friends

within the MIT community. Each participant received a small token of appreciation for their

time.

We conducted in-person, one-hour user sessions. Each participant used a provided laptop

with VS Code preconfigured with LEO and the target notebooks. Sessions began with a
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10-minute walkthrough of LEO’s core features. Participants then completed two timed tasks

(20 minutes each), corresponding to our two primary use cases.

For Task 1, we asked participants to conduct a Quality Assurance (QA) review on a

coworker’s EDA. Participants examined a poorly documented notebook performing topic

modeling to compare historical newspaper corpora [42]. We selected this example to evaluate

LEO’s ability to accelerate comprehension with ambiguous variable names and minimal

markdown or comments.

For Task 2, participants were asked to revisit a self-authored notebook that they had not

opened for at least three months, identifying their most interesting insight in preparation

for extending the analysis. This use case probed LEO’s effectiveness in the case where an

analyst was once familiar with the code but has since forgotten implementation details. These

notebooks, ranging from 15 to 400 cells, covered EDAs and modeling scripts and tutorials.

Before each task, participants rated their familiarity with the notebook on a five-point Likert

scale (mu = 2.6), typically recalling high-level objectives but not the specific code details.

During both tasks, we encouraged users to vocalize their thoughts via a think-aloud protocol.

Finally, we concluded with a 10-minute semi-structured interview to gather qualitative

feedback on LEO’s summarization and navigation features.

5.2 Results

Participants quickly grasped how being presented with the notebook summarization at the

beginning of the task aided in navigating notebook content.

5.2.1 Supporting Code Comprehension in Unfamiliar Notebooks

All five participants (P1-P5) completed both tasks within the allotted 20-minute windows.

In Task 1, everyone accurately identified that the notebook conducted topic modeling on

two newspaper text corpora. In Task 2, all participants identified their most important
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insight. This demonstrates LEO’s effectiveness for both users to understand new code and

re-familiarize themselves with previously authored code.

Participants shared the sentiment that LEO helped them “dig themselves out of holes

when they get lost in the details” and expressed interest in adopting the tool in the future for

enhanced notebook comprehension. Several noted situations in which they routinely examine

classmates’ or colleagues’ notebooks and were excited about LEO’s ability to streamline this

process. For the second use case, P3 said that she could envision using LEO to “write her

handoff document” as she has numerous notebooks that she needs to return to and summarize

for colleagues taking over her work.

Interestingly, participants’ interaction behavior diverged across the two tasks, reflecting

LEO’s distinct contributions in different contexts. In general, participants indicated that they

depended more on the tool in Task 1 for gradual task completion. During Task 1, participants

relied more on the hierarchical tree to obtain a high-level overview of the notebook and

only investigated a small number of variable summaries later in the session to validate their

understanding. In contrast, in Task 2, participants already had a high-level understanding of

their notebook and felt more comfortable immediately diving into variable-level summaries

immediately. Moreover, multiple participants (P1-P3) reported that they only depended on

LEO until a single summary prompted an “aha” moment. For example, in our debrief, P3

mentioned “I forgot about [this insight] until I saw it in the tree,” at which point she instantly

recalled the notebook’s key finding. After that discovery, she no longer needed much support

from the tool. This behavior underscores the value of integrating both notebook-level and

variable-level summaries. Depending on the use case, analysts may derive the greatest benefit

from either scope first—and that scaffolding provided by LEO’s summary can dramatically

accelerate the remainder of their exploration.

All but one participant found LEO beneficial for the Quality Assurance task. While P1

thought it was helpful for understanding completely new code, she questioned its utility in

the context of QA, noting that LEO does not automatically detect faulty code and code
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errors, requiring her to still conduct manual verification.

5.2.2 Multi-Scope Summarization for Targeted Investigation

Participants really valued the level of detail provided by LEO’s in-line variable summaries.

For example, P3 pointed out that it was impressive that the summary “sliced [this variable]

on the first column”. Likewise, P4 appreciated receiving details such as “dropping the fourth

column.” These comments support the necessity of multi-scope summarization. By filtering

on individual variables, analysts can surface the fine-grained information required for deeper

code comprehension.

5.2.3 Complementary User Flow Paths

One common behavior observed was that participants would immediately begin exploration

with the hierarchical tree outline, interleaving interactions between the tree, variable tags,

and code cells. Typically, users would expand a heading, click a subheading to navigate

directly to its corresponding cell, and treat the label as a concise brief before examining the

code in detail. For example, on start, P1 and P3-P4 followed a systematic workflow consisting

of opening a heading, clicking the first subheading to jump to its cell, review the code, and

then repeat this node-cell examination sequentially. P5 went a step further by using the next

subheading as an implicit boundary marker, helping her identify the functional “borders” of

each code block before beginning to make sense of the code on her own.

All but one participant (P2-P5) adopted a systematic approach to variable selection

as opposed to random sampling. Although LEO was designed to summarize user-defined

variables, several participants (P2, P3) also queried external library functions, and others

(P4, P5) investigated unfamiliar models. These behaviors suggest that LEO’s summarization

scope could be broadened to include other types of code constructs.

Persisting variables to the pane acted as an important refresher to ground users’ task-driven

exploration in actual code elements. Surprisingly, participants most often began to summarize
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variables via the hover command rather than by selecting from the pane’s pre-populated

most frequently used variables. Of the three available entry points, the search bar was the

least utilized (P2, P3). In post-task debriefs, we presented a hypothetical scenario to retrieve

a variable whose purpose was remembered but name was not with LEO. Most participants

reported that they would begin with the search bar to explore all possible variables or filter

by educated guesses. However, this strategy was less observed in practice. These results

underscore the importance of offering multiple, complementary paths for variable querying as

different users naturally gravitate toward different interaction techniques when navigating

complex notebooks.

5.2.4 Clarification of Poorly Documented Code

Several participants noted their own notebooks suffered from sparse documentation and

inconsistent naming conventions. In two notable cases, LEO’s summaries both validated and

challenged these practices. P2 and P3 were impressed when the tool accurately summarized

the purpose of a poorly named variable. On the other hand, P5 discovered through the

summary that the name she gave a variable misaligned with its actual usage, prompting her to

consider stricter naming in future code. These interactions not only facilitated comprehension,

but also encouraged participants to reflect critically on their own coding practices.

Users also reported LEO accelerated their code comprehension and notebook navigation

by reducing the cognitive burden of jumping around cells and having to context-switch

between code and sensemaking. For example, many participants described the tool as crucial

for clarifying undescriptive variables. The notebook primarily worked with two datasets–wz

and sz–which offer no semantic information. P3 said that, without LEO, she would “just have

to scroll through the entire [notebook] and check where [a variable] was initialized, where

it was perhaps modified. . . ”. Similarly, P2 remarked she would have had to “check every

cell to get a sense of what the variable was doing”, but still doubted that she would have

“gained context into what the dataset actually represented”. The only indication in the code
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that these variables referred to historical newspaper corpora appeared in a few plot legends

labeled “newspaper,” a breadcrumb easy to overlook without detailed variable summaries.

5.2.5 Interaction Behavior to Record Sensemaking

Because participants were already familiar with their own notebooks, some (P4, P5) bypassed

a full expansion of every heading and directly jumped to the sections they remembered as

most relevant, skipping steps like “Data Import.” P4 was even more intentional about only

focusing on the most relevant tree headings. She collapsed headings after reviewing their

associated cells if she found them not pertinent to the task at hand, effectively using the

expand/collapse functionality to mark which sections to return to later. This use of expansion

and collapsing as an impromptu bookmarking mechanism mirrors P3’s appreciation for

persistent variable querying, reaffirming the value of integrating explicit annotation features

within LEO’s interface in the future.

Participants also found the persistent caching of their queried variables and corresponding

summaries helpful. P3 described the variables pane as a “great refresher” of her investigative

process, signaling its role in tracking and contextualizing analysis steps. This feedback points

to future work extending LEO with features that also document and externalize the analyst’s

evolving thought process throughout the sensemaking workflow.

5.2.6 Code Outputs to Recall Insights

Participants enjoyed exploring their own notebooks with LEO as it was able to resurface

forgotten details. For example, P5 remarked that it was “good that the summary matched

what she thought occurred in the notebook, but also [code] she didn’t realize” had happened.

They often lamented that they could not remember what a plot was displaying in their

notebook. In these cases, they reported that LEO clarified the purpose of certain forgotten

visualizations in the context of all code cells. In particular, P4 and P5 credited the tool with

revealing the data transformations driving key plots, which directly led them to their most
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significant insights. When referring to two plots in her code, P4 found it amusing saying, “I

did not realize that the one variable is the same in both plots.” She followed this statement

with “Honestly, I’m not sure if I would have discovered this because, I don’t know. For

some reason I thought they were different things.” By summarizing variables underpinning

visual outputs, LEO streamlines code comprehension and facilitates. By summarizing the

variables underpinning visual outputs, LEO streamlines code comprehension and facilitates

the retrieval of insights that analysts had previously inferred but later forgotten.

5.2.7 Trust of AI Summarization

P1 and P2 reported that the LLM-generated top-level headings were occasionally too broad,

leading them to rely more heavily on variable-level summaries than on the tree outline. This

feedback signals the need for further investigation into the effectiveness of our two-level

heading hierarchy in capturing diverse sensemaking strategies.

A couple participants (P1, P2) initially expressed skepticism for applying AI-driven

summarization to their code. In particular, P2 noted that her own variable naming conventions

are often vague or misleading, creating doubt in an LLM’s ability to accurately infer each

variable’s purpose and concerns over potential hallucinations. To validate LEO’s reliability,

she actually began Task 2 by selectively querying a few critical variables and comparing the

generated summaries against her recollection. Upon observing a high degree of accuracy,

she reported, “I was more inclined to trust the tool.” This behavior not only illustrates

common hesitancy around Generative AI in data science [29, 30], but also affirms one of

LEO’s applications to support analysts working with poorly documented notebooks and

inconsistent naming schemes.
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Chapter 6

Discussion and Future Work

In this section, we reflect on the limitations of the system and synthesize potential directions

for future research to extend LEO’s applicability and utility.

6.1 Annotation

LEO is successful at summarizing notebook code across multiple scope, and our user studies

confirmed that this significantly accelerates the first step in sensemaking–code comprehension.

However, later stages of sensemaking require analysts to externalize and record their emerging

insights [6]. In our formative studies (see “Interaction Issues” in Table 4.1), one participant

lamented that traditional notebooks lack mechanisms for linking notes directly to variables

or cells, as markdown is still bound to the linear structure.

Although LEO does not currently support in-house annotation, several study participants

surprisingly utilized its persistent tagging and collapsible headings to preserve and revisit

their observations. These behaviors signal a clear need for lightweight annotation features.

To address these gaps, future versions of LEO could include text highlighting, note-taking

boxes, in-tool editing, and persistent tree-state caching. Highlighting text and note-taking

boxes allow analysts to mark and comment on particular code sections and summaries with

questions, remarks, and insights to revisit as they navigate the notebook. Caching tree states
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enables analysts to save and restore specific expanded/collapsed views.

By integrating these annotation techniques, LEO would support analysts in capturing their

insights as they navigate complex workflows, facilitate collaborative review by embedding

shared comments, and better streamline the complete sensemaking process.

6.2 Expanding Targets of Summarization

Additionally, future iterations of LEO should broaden the content for summarization beyond

just code to include both outputs and markdown. Informed by our formatie studies, we

deliberately omitted these targets and chose to focus only on code because we observed that

users can typically understand well-documented notebooks without assistance. However,

our subsequent user studies on the current state of the tool revealed usage scenarios where

reintegrating outputs and markdown into the processing pipeline could be useful. For instance,

one participant wanted to compare LEO’s automatically generated outline with her existing

markdown headings, suggesting that synchronizing the two hierarchies could make the tool

valuable even in well documented environments. Several participants also mentioned that

lightweight summaries of cell outputs would be helpful. Rather than adding more text,

LEO could display simple visual cues, such as badges or tooltips indicating the count of

visualizations or dataframes within each section to further guide notebook navigation. LEO’s

current design combining variable summaries and native notebook outputs already helped

users grasp dataset contents in Task 1 and surface their most significant insights in Task

2. By expanding LEO’s pipeline to process outputs and markdown alongside code, the

system would generate a more holistic overview of notebook content, further aiding notebook

comprehension, insight discovery, and EDA collaboration. Ultimately, extending LEO’s

targets of summarization to encompass code, outputs, and markdown across multiple scopes

will enhance its utility across the full range of computational notebooks and EDA tasks.
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Appendix A

GPT Prompting

We prompt OpenAI’s gpt-4o-2024-11-20 model.

A.1 Tree Outline Prompt

Below is the exact prompt used to elicit the tree summary discussed in Section 4.5.2:

You’re given a JSON array of notebook code cells. Produce a JSON output with this structure:

{

narrative: string, // one-sentence summary of the notebook’s overall purpose

groups: [

{

name: string, // broad functional group label

subgroups: [

{

name: string, // more specific subgroup label

cells: number[] // array of cell ids

}

]

}

]

}

Rules:

1. Use as much context as possible in the code to name each group and subgroup.
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2. **Every single cell id number must appear exactly once** in one and only one subgroup’s ‘cells‘ array.

- Do not omit any cell id.

- **Every id number from 0 to ${codeCells.length - 1}**, inclusive must be included in the output.

- No cell ID may be skipped, missing, duplicated, or invented.

- Do not repeat a cell number in more than one place.

3. The order of cells in each subgroup can be ascending or based on logical flow.

Here is the input JSON. Label the cells by their ‘id‘:

${codeCells

.map(

(cell, i) =>

‘Block ${cell.id}:\n${cell.source.join(’\n’)}‘

)

.join(’\n\n’)}

Listing A.1: Full GPT-4o prompt used for generating the tree outline.

A.2 Variable Textual Summary Prompt

This is the variable summary prompt from Section 4.6.2:

You are an expert at writing concise, factual variable summaries.

**Output**

Return **only** the summary as plain text, with one sentence per line. Do **not** include any

↪→ explanations, bullet points, or extra commentary.

**Structure**

1. **Overview (1 sentence):** A short, high-level statement of what happens to ‘${variable}‘.

2. **Details:**

- Each sentence must describe discrete action or functionality on ‘${variable}‘.

- Annotate exactly one cell per sentence using the syntax:

‘{"<phrase>"}[cell N]‘ with N the associated cell id.

- Use the **first** relevant cell id number if multiple apply.

- Keep sentences concise and strictly factual (no this notebook explores).

- Use contractions like "It’s" instead of "It is".

**Example**

This variable is a dataframe describing customer churn rates.
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An ‘{"initial exploratory analysis"}[cell 2]‘ of the customer’s spending patterns and corresponding

↪→ segments.

The data undergoes ‘{"log transformation of numeric features"}[cell 8]‘.

This is followed by ‘{"one-hot encoding of categorical variables"}[cell 9]‘.

A ‘{"random forest classifier"}[cell 15]‘ identifies key predictive features.

These inform feature selection for the final ‘{"XGBoost model"}[cell 18]‘.

**Write the summary for variable** ‘${variable}‘:

Notebook code:

${codeCells

.map(

(cell, i) =>

‘Block ${cell.id}:\n${cell.source.join(’\n’)}‘

)

.join(’\n\n’)}

Listing A.2: Full GPT-4o prompt used for generating the variable textual summaries.
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