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Design and Evaluation of Spatialized 2D Computational Notebooks
for Data Science

Jesse Maguire Harden

(ABSTRACT)

Computational notebooks are a popular tool for data science due to their ability to interleave

text documentation, code, and results, including visuals, into a computational narrative.

However, they have certain limitations which may be caused or exacerbated by the linear,

top-down, 1D organization of cells within them. This dissertation explores and evaluates

the potential of nonlinear computational notebooks to address issues with current linear

computational notebooks, such as inefficient use of larger display spaces, and improve on

the state of computational notebooks generally for data science. In this dissertation, we

performed several studies aimed at exploring and evaluating the potential of spatialized 2D

computational notebooks. We found in our first study several patterns of nonlinearity in data

science work with computational notebooks and evaluated how problematic each pattern

is. The second study found that users would utilize 2D space to organize computational

notebook cells and discovered several patterns of organization. The third study showcased

how comparative analysis can be more efficient and easier in well-designed spatialized 2D

computational notebooks. The final study found that freeform spatialized 2D computational

notebooks were seen as more usable than linear computational notebooks. Overall, our

studies helped begin the work of expanding computational notebooks beyond their current

linear mold.
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Jesse Maguire Harden

(GENERAL AUDIENCE ABSTRACT)

Computational notebooks, such as Jupyter Notebooks, are a popular tool for data science,

the science of analyzing data for insights and creating predictive models to solve real-world

problems, due to their ability to interleave text documentation, code, and results, including

visuals, into a computational narrative, or a narrative of the computational work done to

understand patterns in data and/or predict future results. Current computational notebooks

enable users to create and organize cells, which contain either code and output of code, or

text to help explain thought processes and more, in a linear, top-down, 1D organization; this

linear organization may cause or exacerbate issues that computational notebook users have.

This dissertation explores and evaluates the potential of nonlinear computational notebooks,

computational notebooks which allow organization of cells in nonlinear ways, specifically in

2D (vertical AND horizontal), to address issues with current linear computational notebooks,

such as inefficient use of larger display spaces, and improve on the state of computational

notebooks generally for data science. The first study found several patterns of nonlinearity in

data science work with computational notebooks and evaluated how problematic each pattern

is. The second study found that users would utilize 2D space to organize computational

notebook cells and discovered several patterns of organization. The third study showcased

how comparative analysis can be more efficient and easier in well-designed spatialized 2D

computational notebooks. The final study found that freeform spatialized 2D computational

notebooks were seen as more usable than linear computational notebooks.
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Chapter 1

Introduction

1.1 Background and Motivation

Computational notebooks, such as Jupyter Notebooks, are a popular tool for data science

[55]. With code cells, which generally have an input portion for writing code and an output

portion for showing results like printed values and visualizations, and markdown cells for

writing text, such as explaining one’s exploratory processes, noteworthy findings, and con-

clusions, computational notebooks provide tools for both exploratory work and explanatory

presentation. Through these 2 cell types, users can interleave code, text, and results to

create computational narratives that can not only be read, but also reproduced.

Current computational notebooks, such as Jupyter Notebooks, restrict the arrangement of

cells to a top-down, 1D format. While this linear arrangement can work well for linear

analyses and narratives, many narratives and analyses are nonlinear. A nonlinear analysis

or narrative, as opposed to a linear analysis or narrative, does not follow a single sequential

progression of steps; it can include steps done in parallel, as well as jumping back and forth

between steps. Comparative analyses, or analyses involving comparison of multiple visuals

and/or printed (numeric or text) results, are one common nonlinear analysis in data science.

Analysts often jump to and from different results and back to earlier results to compare,

contrast, and make decisions. Indeed, data science as a process has a great deal of non-

linearity in its progression; analysts explore their data and different options or algorithms

1



2 CHAPTER 1. INTRODUCTION

to perform tasks, and often jump back and forth between cleaning, exploring, and analyz-

ing. In current computational notebooks, their linear structure for organizing cells clashes

with the nonlinearity of much data science work, often resulting in exploration of data and

explanation of results being at odds [62]. This tension can cause and/or exacerbate issues

such as messiness [25] and an inability for others to reproduce the results of a completed

computational notebook [56].

Another disadvantage of current linear computational notebooks is the fact that they do

not make effective use of available screen screen, especially for larger display setups such as

widescreen monitors and multiple-monitor setups. Larger screen setups can provide more

external memory and the ability to encode meaning spatially, the core benefits of Space to

Think [2]. Just as writing notes on a large sheet of paper (e.g. for a test) enables users to

put more information down and organize the information better when compared to a small

notecard, so too does having more available screen real estate provide such benefits. In

addition, larger screen setups can enable physical navigation, such as turnings one’s head,

to replace virtual navigation, such as scrolling and switching tabs, resulting in more efficient

performance on tasks [1]. By restricting cell organization to 1 dimension (1D), organized

top-to-bottom, current computational notebooks can struggle to use the horizontal length

of available screen space well, especially if code line are generally not as long as the screen,

and thus fail to empower users to make the most of their screen space.

Given the nonlinear nature of much data science work, how such work benefits from larger

displays, and how such work can produce nonlinear narratives, enabling nonlinear organi-

zation of computational notebook cells, or spatialized computational notebooks, could help

address some of the issues affecting the usability of computational notebooks as found in

prior works [11, 62].

As a simple example, consider an analyst, Christine, who wants to learn how different states
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and counties in the United States were affected by COVID-19 in terms of cases, deaths,

business costs, and more. In her Jupyter Notebook, Christine gathers data from various

sources, joins tables, and begins to analyze various different metrics through visualizations.

To get a more holistic perspective of the data by comparing different visualizations, she has

to constantly scroll up and down since she can’t fit all the visualizations on her screen at once.

With a spatialized 2D computational notebook, Christine could arrange the visualizations on

her screen in a way that minimizes, if not eliminates, the need to scroll during her analysis.

Later in her analysis, Christine decides to drill down to several particular counties of a

particular state; she plans to run the same analyses and visualization code on each county

so that she can compare the results. Unfortunately, her Jupyter Notebook, with its linear

structure, does not allow her to organize these subsections of her analysis in such a way that

relates to her mental model of how her analysis is structured, not to mention the difficulty

in comparing results between sections due to needing to scroll. With a spatialized 2D com-

putational notebook, Christine could arrange the sections in a way that better represents

her mental model, such as putting the subsections of her analysis side-by-side, and enables

her to perform the comparisons she wishes to do with ease.

While a few recent works outside of this dissertation, such as Fork-It [75] and Stickyland [73]

have begun exploring ways to improve on the current state of computational notebook design

through enabling some level of spatialized nonlinear organization, a more thorough explo-

ration of potential designs and benefits of such computational notebooks has been missing.

This dissertation seeks to explore the potential of spatialized nonlinear 2D computational

notebooks, such as what problems they could address, how users might prefer to organize

cells in such notebooks, and what benefits they could bring to data science work.
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1.2 Research Questions

RQ 1: What problems with current computational notebooks are due to their

linear structure, which could feasibly be addressed with spatialized nonlinear

computational notebook designs?

Prior work on problems with computational notebooks have focused on a variety of pain

points [11] for users and how exploration and explanation are at odds [62], but none have

focused on how the nonlinearity inherent in data science work can cause or exacerbate issues

with computational notebooks. To address this research question, we conducted a literature

review to identify patterns of nonlinearity and a survey study to evaluate and validate the

patterns.

RQ 2: How would users organize computational notebook cells in spatialized

2D notebooks?

Given that nonlinear computational notebooks could address certain patterns of nonlinearity

found in computational notebook work, one must then question how users would prefer to

organize cells in 2D and, indeed, if they even would utilize 2D space to organize cells. To

understand how future nonlinear computational notebooks might be used and designed, we

conducted a user study where participants arranged a set of images of cells, both input and

output together, on a 2D canvas and explained their designs in a post-task survey. Using

the findings from this study, we propose 3 overarching design patterns, 2 of which have

sub-patterns, for organizing computational notebook cells in 2D.

RQ 3: What potential benefits could spatialized nonlinear computational note-

books which implememnt a multi-column structure provide for data science

over current linear notebooks? Given that the multi-column pattern was commonly

used by participants in the exploratory organizational study, we sought to examine whether
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a well-structured multi-column notebook could improve usability and efficiency, especially

as it relates to the Comparing Visualizations & Results pattern of nonlinearity. Thus, we

designed and implemented an extension for Jupyter Notebooks, 2D Jupyter, which we then

used to statistically test our hypotheses. We found that usability and efficiency are improved

in a well-structured multi-column notebook.

RQ 4: What potential benefits could spatialized nonlinear computational note-

books which are freeform, or have no set structure such that the user must

decide on, design, and implement a structure, provide for data science over

current linear notebooks? Given the prior work showing usability and efficiency gains for

a spatialized 2D notebook with the multi-column style, we sought to generalize this work to

freeform, or user-imposed structured, spatialized nonlinear computational notebooks in 2D.

In particular, we sought to test whether the benefits to efficiency and usability held when

using such a freeform 2D notebook for a task in which users had to make their own arrange-

ment of the cells mostly from scratch. We utilized SAGECells in SAGE3 as the freeform

2D computational notebook, which we compared with regular Jupyter Notebooks to test

our hypotheses. We found that efficiency was similar to Jupyter Notebooks and subjective

perceptions of usability increased for the freeform 2D notebook.

1.3 Structure of Dissertation

Chapter 1 introduces the background and motivations for this work’s goals and presents the

overarching research questions of this work.

Chapter 2 presents a literature review of foundational works in computational notebooks,

Space to Think, and computer science education.
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Chapter 3 addresses Research Question 1, as well as partially addressing Research Question

3, by presenting a literature review and survey study to understand and evaluate patterns

of nonlinearity in computational notebook work. (Submitted)

Chapter 4 addresses Research Question 2 in presenting a user study exploring how users

would organize computational notebook cells in 2D. (Completed)

Chapter 5 addresses Research Question 3 in presenting a quantitative user study testing

whether a well-structured nonlinear computational notebook could provide efficiency and

usability benefits over a similar, well-structured linear computational notebook. (Completed)

Chapter 6 addresses Research Question 4 in presenting a quantitative and qualitative user

study testing whether a freeform (or user-imposed structure) 2D nonlinear computational

notebook could provide efficiency and usability benefits over a linear computational note-

book. (Completed)

Chapter 7 summarizes the contributions of this dissertation, goes over lessons learned, and

elucidates potential future work.



Chapter 2

Review of Literature

The concept of spatializing computational notebooks and utilizing a whiteboard approach

for higher education draws on two key sources of inspiration: the benefits provided by larger

display setups, such as Space to Think [2] and physical navigation [1], and the issues present

with current computational notebooks that affect their potential as data science and analysis

tools.

2.1 Benefits of Larger Displays

Larger display setups, such as multi-monitor setups, widescreen displays, and tiled wall

displays, enable certain benefits beyond that of which smaller screens, such as laptop screens,

can supply. These benefits include Space to Think [2], physical navigation [1], along with

benefits to collaborative work [7, 37].

2.1.1 Space to Think

Andrews, Endert, and North [2] focused on large, high-resolution displays for sensemaking,

and found additional space aided users in two ways: it enabled externalized memory, letting

users focus on the task at hand rather than on recalling important info, and it enabled

encoded meaning into space, such as by clustering similar items together. That work has

7
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been expanded through study of additional space provided by virtual reality [43], as well

as collaborative uses of large spaces through increased and varied content contribution [37].

Similar works demonstrating benefits of space to programming tasks include Code Bubbles

[8] and VisSnippets [9]. All of these works demonstrate how effective use of space can open

up new possibilities for analytical work.

2.1.2 Physical Navigation

As Andrews and North found in their 2013 work [1], enabling physical navigation, such

as turning one’s head, through larger display spaces can help users utilize spatial thinking

in addition to the other benefits provided by a large display. Their work is situated in

earlier work by Kirsh [36] on utilizing external representations, which is related to the idea

of embodied cognition. Kirsh claims that utilizing external representations, as opposed to

internal representations, “may increase the efficiency, precision, complexity, and depth of

cognition” for various tasks. In a similar vein, Andrews and North [1] found that larger

display spaces which enable physical navigation methods may provide much the same sort of

benefits over spaces which require virtual navigation methods, such as scrolling and changing

tabs.

2.2 Computational Notebooks

Computational notebooks, influenced by Knuth’s literate programming [39] concept where

authors weave “human language with live code and the results of the code” to produce a

computational narrative [54], support incremental and iterative analysis, explanation of an

analyst’s thoughts and processes, and sharing of code, text, and visuals in one document
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[62]. These affordances can contribute to scientific endeavors through making it possible to

reproduce the analyses done if one has access to the requisite data or a similarly-gathered

dataset.

2.2.1 Issues with Computational Notebooks

However, Chattopadhyay et al. [11] found users struggle with computational notebooks.

One struggle with the iterative process of exploration and analysis is messiness [34, 47, 62].

Analysts described notebooks and their code as “ad hoc” or “throw-away” [25, 31] and in

need of cleaning [62] before presentation. Kery et al. [34] found data analysts, as part

of the process of exploring alternatives, replicate code across many cells that must later be

refactored, a process both tedious and error-prone [34, 75]. In short, exploration and analysis

can complicate constructing clean computational narratives.

Messiness in Computational Notebooks

Head et al. [25] showed messiness can come from disorder, deletion, and dispersal, where

disorder means run order and presentation order are different, deletion means overwriting

or deleting necessary code, and dispersal means related cells are far apart. Many tools have

been developed to help deal with messiness, from Head et al.’s work [25], to cell dependency

graph visualization [76] to version control systems for computational notebooks [32, 33]. This

dissertation does directly touch on messiness as a problem potentially exacerbated by the

linear, 1D structure of current computational notebooks and as a concern that may influence

discussion around how much structure spatial computational notebooks should have.



10 CHAPTER 2. REVIEW OF LITERATURE

Computational Notebooks and Reproducible Science

Reproducible research is an important and challenging issue for any scientific endeavor, and

research in HCI and computer science is no different [5, 12, 16]. At their best, computa-

tional notebooks and the computational narratives formed using them enable reproducible

scientific workflows [4, 38, 63]; the ability to interleave documentation with code and results

contributes to this potential. However, computational notebooks in the wild are rarely re-

producible [56]; issues such as messiness [25], out-of-order execution [56], and dependency

issues contribute to the pain of trying to reproduce computational notebook findings [11].

Indeed, less than 5% of notebooks studied by Pimentel et al. [56] were reproduced with the

same results. Work to address issues with reproducibility, such as Osiris by Wang et al.

[72], has helped, however. While this dissertation does not focus directly on reproducibility

of computational notebooks, spatial notebooks may enable more thoughtful management of

code cells in a way that may hopefully combat messiness.

2.3 Potential of Spatial Computational Notebooks

In addition to potentially enabling Space to Think and other benefits provided by larger

display setups, spatializing computational notebooks has already found some success in the

work of Weinman et al. on Fork-It [75]. While their extension was initially created as a

way to test different analytical forks in a compact, comparable way within a computational

notebook, the ability to create forks was used for more than just that; users used the split

column structure to organize code and contain messes, among other things.

Another similar work on spatializing code is Code Bubbles [8], which uses the bubble metaphor

in integrated development environments (IDEs); a bubble is an interactive, editable frag-
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ment of items like code or documentation. Bubbles can be clustered together to represent

a “concurrently visible working set.” Their work found similar benefits from space in Code

Bubbles as Andrews, Endert, and North [2] found for large displays. Specifically, Bragdon

et al. [8] found that developers appreciated being able to externalize information from their

“limited working memory” through “bubbles and annotations.” They also found that the

ability to position bubbles strategically made developers more efficient through the use of

“spatial proximity and spatial memory.”

VisSnippets [9] is designed for collaborative data exploration using blocks of reusable code

(“snippets”) connected by arrows to form a 2D visual dataflow display; it empowers quick

exploration of “complementary and contrasting analyses” through reuse of snippets a group

has made over time.

Spatialized notebooks have also been explored recently in 3D using virtual reality in recent

works by Sungwon In et al. [27], with a system for special branching and merging interactions

designed to make it easier to code and compare different branches of code. This work

compared a 2D desktop setting with 3D virtual reality, both with and without the special

branching and merging feature. In et al. [27] found 3D space enhanced navigation and the

branching and merging feature enhanced comparison.

In addition to research works, the idea of performing analysis in a spatialized environment has

become more popular in business recently with the acquisition of Einblick.ai, a canvas with

low-code and no-code data science tools, by Databricks [19], and the upcoming Observable

Canvas tool [6]. These tools both utilize an infinite canvas with tools for quickly visualizing

and analyzing data, with the workflows representable in a nonlinear, spatialized manner,

showcasing how spatialized nonlinear computational notebook-like environments can address

real-world issues in more than just research works.
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These works demonstrate the potential of spatialization to address more than just compar-

ative analysis problems with current computational notebooks, and motivates much of the

work done in this dissertation.



Chapter 3

Pinpointing Problematic Patterns of

Nonlinearity in Computational

Notebook Work

3.1 Introduction

Computational notebooks like Jupyter [30, 38] are popular tools for exploration and expla-

nation in data science. Through interleaving text, code, and outputs, like visual graphs,

computational notebook users can construct, refine, and present computational narratives

[55, 62, 66]. However, current computational notebooks, with their linear, top-down one-

dimensional (1D) structure, may make nonlinear analyses and narratives more tedious and

harder to perform, and do not make efficient use of larger and widescreen displays; this may

be due in part to the lack of support for nonlinear arrangements of their cells.

Earlier work found nonlinear notebooks helpful for data science. 2D Jupyter [23] increased

efficiency and usability by arranging multiple columns of cells in a row, or a multi-column

style per exploration of two-dimensional (2D) arrangements of cells by Harden et al. [22].

Fork-It [75] improved debugging and exploration in addition to unexpected benefits like,

containing messes, using forks. Stickyland [73] introduced “sticking” cells to a persistently

13
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visible dock at the top of a notebook, like freezing the top row in an Excel spreadsheet to

keep it in view regardless of scrolling. These works shows how breaking the linearity of

computational notebooks can benefit users.

More research is needed to identify which issues linear computational notebooks have that

nonlinear computational notebooks should address. This work contributes to computational

notebook research by identifying several patterns of nonlinearity in computational notebook

work for data science and verifying which issues are most problematic from user perspectives.

We focus on the following research questions:

• RQ1: What nonlinear patterns emerge in data science and analysis work with compu-

tational notebooks?

• RQ2: How problematic is each pattern, and why?

• RQ3: Do users see nonlinear computational notebooks as having the potential to

address these problems?

To answer these questions, we did a literature review, used affinity diagramming, and re-

flected on our own usage of computational notebooks to identify patterns of nonlinearity;

then we designed and conducted a survey study to determine how problematic each pattern

is. Participants saw the patterns we identified as moderately problematic in linear, 1D com-

putational notebooks and had cautious optimism about nonlinear computational notebooks’

potential to address these issues.
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3.2 Related Works

This work builds on computational notebook research on problems with current computa-

tional notebooks and on nonlinear approaches to organizing computational notebook cells.

3.2.1 Potential & Problems of Computational Notebooks

Computational notebooks can enable exploratory programming, good for data science and

analysis [31, 62], and explanatory computational narratives showing work done and justifying

conclusions drawn, good for reproducible science [4, 38, 63]. Through interleaving markdown

text cells, code cells, and outputs like visualizations, computational notebook users can

document progress during analysis and weave a computational narrative of their thought

processes and decisions.

However, computational notebooks have pain points [11]; issues include messiness [25, 34,

47, 62], non-linear analyses and narratives [62], and navigating longer notebooks [22]. Users

often find exploration and explanation at odds in computational notebooks [62], which leads

to issues like the above and to notebooks that are not reproducible. In the wild, note-

books are rarely reproducible; less than 5% of notebooks studied by Pimentel et al. [56]

were reproducible. In addition, users with widescreen displays, multiple monitors, or other

large screen space environments that can provide more externalized memory and semantic

encoding of meaning in the space, or Space to Think [2], cannot make efficient use of their

display space with current computational notebooks without tedious workarounds such as

opening the same notebook multiple times. One reason for these issues may be the linear,

1D arrangement of cells in current computational notebooks.
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3.2.2 Works on Improving Computational Notebooks

Here we discuss two types of improvements to computational notebooks: those which stick

to the 1D, linear organization of current computational notebooks, and those who showcase

the potential of breaking out of the linear mold.

Improvements to Linear Computational Notebooks

Since the popularization of computational notebooks, there has been a good deal of work done

to improve them, especially in areas such as version control and interactive visualizations.

Kery, Horvath, and Myers helped users deal with version control through Variolite [33], which

enabled users to perform local versioning by creating “variant boxes” to contain variants of a

code cell within 1D notebooks; virtual navigation between variants by switching was needed.

Kery and Myers followed this up with Verdant [32], an updated version control system

with interactions to explore code history; they found multiple uses for such a system, from

comparing outputs to backtracking to an earlier version. Head et al. [25] also made a tool

that enables users to find, gather, and recover code that is necessary to produce a given

output. While these tools help address version control issues, they tend to rely on virtual

navigation methods, which are less efficient than physical navigation [1].

Interactive visualizations enable quicker discovery of relationships between variables [77],

yet computational notebooks and interactive visualizations do not always mix well. One

issue here is taking visual exploration findings and using them in code; both B2 [78] and

AnyWidget [49] address this. While they improve usability of interactive visualizations in

computational notebooks, Wang et al. [74] note that many visualization tools must choose

between putting the tools within the 1D, linear flow or outside of it; they note that exploring

“alternative notebook layouts,” such as nonlinear computational notebooks like Stickyland
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[73], could help address this tradeoff.

Other works on improving computational notebooks within the 1D paradigm include using

graph visualizations to help users better understand and keeping track of dependencies be-

tween cells [76], exploration of the role synchronous editing can play in enabling collaborative

programming with computational notebooks [71], and a framework for moving between code

operations and GUI-based operations called mage [35].

Potential of Nonlinear Notebooks

Recent work began exploring the potential of nonlinear computational notebooks, which

enable cell arrangement in more dimensions than just the linear, 1D, top-down arrangement

of current computational notebooks. Fork-It [75] is a Jupyter Notebook extension enabling

forking, temporarily splitting into multiple columns; users used Fork-It’s split columns for

comparing different branches and, unexpectedly, also to contain messes. Stickyland [73]

enabled users to “stick” cells to the top of the viewport, like “freezing” the top row in Ex-

cel to keep it in view even while scrolling, and their paper showed potential use cases for

it. 2D Jupyter [23] is a Jupyter Notebook extension enabling the multi-column organiza-

tional style, a row of columns of cells, based on prior work [22]; that study found statistical

evidence that such a nonlinear arrangement can improve efficiency and usability for com-

parative analysis tasks. These works explored nonlinear notebooks in two dimensions. In et

al. [27] evaluated nonlinear notebooks in three dimensions (3D) with and without a special

“branching and merging” feature; the physical navigation afforded by 3D enhanced navi-

gation and their “branching and merging” feature enhanced comparative analysis. These

works show nonlinear computational notebooks’ potential to address issues plaguing cur-

rent, linear computational notebooks, like messiness, exploration and explanation being at

odds, and enabling Space to Think [2] and physical navigation [1] for large display users for
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Figure 3.1: Visual Depiction of the Patterns

sensemaking with computational notebooks.

While the potential benefits of nonlinear computational notebooks have been established,

the question of what problems such notebooks should be designed to address remains open;

this work helps answer that question.

3.3 Pinpointed Patterns of Nonlinearity

To discern focus areas for future nonlinear computational notebook designs and answer RQ1,

we identified patterns of nonlinearity in computational notebook work. This process started

with a literature review on problems with computational notebooks and the potential benefits

found by earlier nonlinear notebook works, as seen in Related Works. Our literature review

used papers on computational notebooks found through Google Scholar that were generally

published in an ACM or IEEE venue to ensure quality. We then conducted two guided

focus groups with small sets of consulted data scientists who had interests in nonlinear

computational notebooks to brainstorm more nonlinear patterns based on their data science

experience. We then had 2 of the authors continue with affinity diagramming using open

coding to organize the patterns from the review and brainstorming into groupings based on
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similarity. Finally, the 2 authors conducted multiple rounds of refinement on the final set

of patterns based on asynchronous feedback from a broader set of data scientists. We detail

each pattern below with its definition, explanation of its nonlinearity, challenges it raises in

current, linear notebooks, and our main methods of deriving it.

3.3.1 Comparing Visualizations & Results

This pattern is common in data science. Whether comparing different machine learning

models, trying different parameters to optimize results, or looking to gain deeper insight

into their data, comparative analyses are important. In linear computational notebooks, the

spatial relationships between different visualizations and results requires jumping between

different, sometimes far-apart cells, resulting in a nonlinear interaction flow. This requires

virtual navigation such as scrolling, which is tedious compared to physical navigation [1] and

can mean forgetting key details while navigating. Users can order cells out of run order to

do comparison, but this can lead to messiness in notebooks [25]. We derived this pattern

from literature [23, 75], and the data scientists.

3.3.2 Branching Code Paths

This pattern deals with semantically parallel code sections, such as when sequences of cells are

copied and pasted to make similar chunks of code with at least some modifications, such as,

but not limited to, different parameters, functions, inputs, or models. Linear computational

notebooks don’t enable parallel organization of cells, resulting generally in one branch being

right after another in the 1D list. This can cause issues in comparing outputs of branches due

to tedious scrolling, worsened by the fact that representing multiple branches in the same

linear notebook results in a much longer notebook. Furthermore, debugging and correcting
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errors in multiple branches is dependent on tedious scrolling in such linear notebooks. We

derived this pattern from literature [75] and the data scientists.

3.3.3 Sectioning a Notebook

This pattern refers to the process and results of organizing cells in a notebook into different

sections and subsections to aid navigation, create visual landmarks, construct or refine a

computational narrative, and more. Purely linear sections, without parallelism or iterations,

are created at the end of a data science workflow, but the section structure during analysis is

often more nonlinear (e.g., tree-like), with many iterations and experiments. Making a com-

putational narrative linear at the end of a workflow may require excising parts secondary to

the main narrative; these parts, like failed experiments, discarded models, or older versions

of cells, are lost to viewers. If not done well, this process creates a non-reproducible com-

putational notebook. Also, navigating between sections involves tedious scrolling if jumping

to different headings is not an option. Finally, current notebooks fail to enable visual repre-

sentations of parallel sections and only support grouping cells insofar as the top-down order

is maintainable. We derived this pattern from the data scientists and affinity diagramming.

3.3.4 Prioritizing Items by Importance

This pattern concerns emphasizing some cells over others, like important cells we wish to

draw attention to and cells providing its context, or minimizing unimportant cells. Empha-

sizing based on relevance to a given task regardless of run order is nonlinear. This pattern

includes highlighting disparate cells (e.g., finding cells that affect or are affected by changes

to code in a given cell), minimizing/collapsing cells irrelevant to a task, and crafting different

views of a computational narrative depending on what is relevant to each audience. Current
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linear notebooks sometimes allow a level of prioritization, like collapsing individual cells and

tailoring markdown cell text to indicate importance, but showing context around a given

important cell is limited by the top-down structure. We derived this pattern from the data

scientists and affinity diagramming.

3.3.5 Gathering Visualizations & Results into Dashboards

Creating a central hub, or dashboard, for ease of viewing, comparison, and diving into the

details is valuable for deep insights. Since dashboards rely on gathering disparate outputs

from various locations in one place, it is inherently nonlinear. Most current linear notebooks,

with their top-down organization, do not allow users to gather visualizations in one central

location as part of the analysis and computational narrative. We derived this pattern from

the data scientists.

3.3.6 Interacting Nonlinearly with Interactive Visualizations

Interactive visualizations are valuable for deep analysis of data. In computational notebooks

with interactive visualizations, users may interact nonlinearly, jumping between different

visualizations while analyzing. Interacting within an output visual or widget may trigger

callback execution located elsewhere in the notebook, possibly updating other visuals or

results. Common examples are interactive filtering. Brushing is a particularly complex in-

teraction in that it can be bi-directional between two visuals. This presents challenges for

current linear notebooks, which tend to require tedious scrolling between multiple visualiza-

tions, or even visualizations and their code. It can be unclear which code was executed as

a result of the interaction. Scrolling can make comparisons and debugging less efficient and

potentially more difficult. We derived this pattern from prior literature [49, 74, 77, 78].
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3.3.7 Modularizing Code

This pattern focuses on managing code modules (e.g., user-defined functions, classes) within

a computational notebook. Code modules are often stored either near where they are used or

in a specific location for ease of reference, if they are stored in the computational notebook

instead of an additional file. Given that oft-used code modules can be far from at least some

code that references them, jumping back and forth is required for usage and especially when

code modules are updated; thus, this pattern achieves a degree of nonlinearity. This nonlin-

earity can be especially tedious to deal with when new parameters are added to functions,

potentially requiring code updates in a number of different places throughout a notebook.

We derived this pattern from literature [46, 58] and the data scientists.

3.3.8 Controlling Cell Versions

Version control for computational notebooks is an issue researchers have worked on [25, 32,

33]. Since code cells can be changed and run, knowing the execution order of cells is not

enough to ensure reproducibility; cell history is also necessary. Overwriting code can cause

problems ranging from messing with established cell dependencies to being unable to repro-

duce the current notebook state through “Restart and Run All” and even forgetting relevant

past versions of a cell. Also, overwriting cell code without saving old results somewhere

makes comparing the old and the new tedious even if possible. While users can use version

control mechanisms for tasks like comparing outputs from different versions, backtracking to

a more stable version, switching between different versions of different cells, and maintaining

older versions of code, these tasks may be burdened by the top-down, 1D arrangement of

cells; expressing multiple versions, much like multiple branches, in a nonlinear way could

improve usability given the nonlinear nature of version control. We derived this pattern
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from literature [32, 33] and the data scientists.

3.3.9 Managing Nonlinear Execution Patterns

This pattern deals with executing cells in a different order than their view. This often

happens during early exploration, restructuring, testing, or cleaning of a notebook. This

ability to run cells “out of order” leads to nonlinear execution patterns, as well as messiness,

debugging difficulties, issues reproducing results, and more. Finally, nonlinear execution

patterns impact user awareness of notebook history and how the current notebook state can

be reached again. We derived this pattern from literature [25, 62] and the data scientists.

3.4 Survey Methodology

After refining the patterns, we built a survey to assess perceptions of how problematic they

are to answer RQ2 and RQ3. The survey began with demographic questions (e.g., years

of experience with data science and computational notebooks, the monitor setup types par-

ticipants use with notebooks). Next, the survey introduced each pattern of nonlinearity

individually and asked users to rate how problematic each pattern is for current linear com-

putational notebooks; an option was available for if they are unsure or have not encountered

the pattern. Users could also add qualitative feedback about their answers. Finally, the sur-

vey asked users to rate their level of agreement with the idea that nonlinear computational

notebooks (specifically in 2D) could help address the nonlinear patterns introduced by the

survey; users were given an example image of a nonlinear notebook, as seen in Figure 3.2.

We sent the survey through various channels, including the Jupyter discourse forum, data

science Discord channels, an email list from a workshop on computational notebooks where
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Figure 3.2: Example Nonlinear Notebook from the Survey

nonlinear notebooks were presented, and academic listservs for both a multi-university re-

search group and a large, public research-focused university. We received 25 responses, five

from academic listservs, 10 from the workshop participants and their colleagues, and 10 from

a mix of the other sources.

3.4.1 Data Analysis Process

We divided the data analysis into three areas: Demographics, Likert-Scale Questions, and

Qualitative Comments.

Demographics

We sought to both get a sense of the general level of experience our participants had, what

computational notebooks they have used, what they use computational notebooks for, and

identify individual responses with certain characteristics. For the first item, we calculated the

mean values for both the number of years a participant has used computational notebooks

and the number of years a participant has done data science. For the second and third items,
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Figure 3.3: Heatmap showcasing responses, including mean and median response, to how
problematic each pattern is.

we calculated the proportion of participants who answered yes to each context or notebook.

For the last item, we identified users who have not used a widescreen display or multiple

monitor setup for their computational notebook work, which was further divided into those

who have only used a laptop.

Likert-Scale Questions

We calculated mean and median responses to gauge average perceptions. Likert-Scale data

is ordinal, so the median may be preferred. Finally, we counted how many respondents

considered each pattern to be serious or critical with current linear computational notebooks.

Qualitative Comments

We used a grounded theory approach to identify themes present in the comments that help

classify and summarize the feedback given. We went over feedback for each pattern and for

nonlinear notebooks to find comments that reflect similar issues or insights to gather into

themes. We also highlighted comments on important issues.
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3.5 Survey Results

We divide survey results into three areas: Demographic Results, Likert-Scale Results, and

Qualitative Results.

3.5.1 Demographic Results

6.92 was the mean years of experience using computational notebooks; 7.84 was the mean

years of data science experience. Seven respondents reported less than four years experi-

ence with computational notebooks, nine reported between four and eight years experience,

and nine reported more than eight years experience with computational notebooks. Two

participants reported the minimum years of experience with computational notebooks (one

year), and one participant the maximum, 20. Computational notebooks like Jupyter are

fairly new, so having three answers of 12+ years begs the question of how these three define

computational notebooks.

All participants had used Jupyter Notebooks, 80% used Google Colaboratory and 28% used

ObservableHQ. 96% used computational notebooks for work, 76% for educational assign-

ments, 72% for hobbies, and 16% for competitions, like on Kaggle. Two participants had

used computational notebooks for prototyping, and one participant each had used compu-

tational notebooks for teaching and for small experiments respectively.

Three participants (12%) only used laptops for data science, and six (24%) other partici-

pants used a desktop monitor at most. The remaining participants (64%) had used a larger

setup with a widescreen monitor (20%) or multiple monitors (52%). We also asked survey

participants if they had used a tiled wall display for data science, but none had.
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Table 3.1: Can 2D Notebooks Address the Patterns?

Item Value
(1) Strongly Agree 2

(2) Agree 8
(3) Slightly Agree 10

(4) Neutral 2
(5) Slightly Disagree 1

(6) Disagree 1
(7) Strongly Disagree 1

Mean 2.96
Median 3.00

3.5.2 Likert-Scale Results

Figure 3.3 summarizes how problematic each pattern of nonlinearity was seen as by the

participants. Given the mean and median responses, each pattern was deemed at least a

minor problem, with most patterns closer to a moderate problem. Controlling Cell Versions

and Managing Nonlinear Execution Patterns were deemed closer to serious problems than

other patterns, while Prioritizing Items by Importance was deemed closer to a minor problem,

receiving the most “Not a Problem” ratings by participants. Controlling Cell Versions and

Managing Nonlinear Execution Patterns received the most ratings of “Serious Problem”

and “Critical Problem” combined; Branching Code Paths and Gathering Visualizations &

Results into Dashboards also received a high number of such responses. Finally, Comparing

Visualizations & Results, while seen more as a moderate problem, scored the same mean

response as Gathering Visualizations & Results into Dashboards (2.96). One participant did

not rate some patterns.

Survey participants mostly agreed that 2D computational notebooks could help address the

patterns, as seen in Table 3.1. This suggests cautious optimism towards 2D notebooks’

potential over 1D notebooks. Of those who did not agree with the above sentiment, the

“Strongly Disagree” participant focused on accessibility issues of nonlinear notebooks to
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blind and low-vision users, and the “Disagree” participant dislikes infinite canvases. The

“Slightly Disagree” and “Neutral” participants did not leave qualitative feedback.

3.5.3 Qualitative Results

We divide qualitative results into three sections: Feedback by Pattern of Nonlinearity, Sum-

mary Themes in Pattern Feedback, and Impressions of 2D Nonlinear Notebooks’ Potential.

Feedback by Pattern of Nonlinearity

Here we note relevant feedback for each pattern of nonlinearity. Eight participants left no

qualitative feedback on the patterns, and those who left feedback did not always do so for

every pattern.

For Comparing Visualizations & Results, two participants felt visualizations being far

apart is bad, with one saying this is “problematic for the comparison of results and quick

interpolation from them.” The other said, given difficulties seeing multiple results in a single

browser tab, addressing this “requires opening multiple windows and arranging on a larger

display.” While users can virtually navigate through scrolling to different outputs for com-

parison in linear computational notebooks, four participants felt scrolling is disadvantageous;

one noted how scrolling can affect a user’s sense of context, stating “Minor refinements to

one or both visualizations requires lot of tedious scrolling up and down; oftentimes one acci-

dentally lands on wrong cells, losing not just time but also context.” Another felt this system

adds to their cognitive load especially given how often “a significant chunk of code” is needed

for plots, stating “it is a mentally taxing process to (1) run the data analysis code, (2) run

the plot code, (3) inspect the resulting plot, (4) scroll up to either sections of code, (5) edit

the code, and (4) repeat.” Furthermore, a different participant felt it was “hard to know
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where to extend a given result” given the amount of scrolling needed in linear computational

notebooks.

While users can code many visualizations as output of one code cell, one participant disliked

this workaround, saying it is “an overhead and it is usually easier to make many plots and

scroll up and down.” Another agreed, noting they tend to duplicate visualization cells and

change inputs even though this method is “fraught,” saying “it’s often better to just do

side/by/side viz on the same plot”, but felt “the plotting code is trickier.” Some users may

avoid these problems by overwriting code and re-running cell(s), but, as one participant

noted, “it can be annoying to remember results from before if you re-run a cell with different

parameters, settings, etc.”

Overall, these usability issues around comparisons make computational notebooks less us-

able; in one participant’s words, this pattern “is one of the reasons I’ve steered away from

notebooks for visualization and over to scripts with multiple figure outputs.” Other com-

ments here include support for markdown cells to aid navigation, a note that VSCode stores

variables for ease of comparison, and support for well-structured nonlinearity to address this

pattern.

For Branching Code Paths, two participants preferred to use multiple notebook files to

represent branches instead of working in one computational notebook. Two other partic-

ipants felt branches introduce tedious scrolling, with one saying “sometimes you want to

test multiple methods for analysis, and multiple cells take up too much vertical space.” The

other felt this pattern overloads internal memory, saying when “you are trying out different

variations of the code in each branch” that “it can be hard to remember which branch is

the current or stable implementation.” Also, one participant noted “branching code also

involves accidentally changing some shared variables, i.e., forgetting to reset them for each

branch.” Duplicating code, in one participant’s words, can also cause notebook work to “get
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inefficient and messy with lots of duplicated code.” Finally, one participant noted issues

with this pattern can become especially prevalent when working collaboratively.

While nonlinear notebooks could help address the Branching Code Paths pattern, better

coding practices, as suggested by two participants, can also help. Per one participant, if

the copied cells result in an “exact duplicate” of code or only “minor changes,” then instead

of using this “bad coding” practice, copied code “should be replaced with a function.” For

another workaround, one participant would store different branches’ outputs to a CSV file

and compare them in another tool. Finally, one participant didn’t mind this pattern in

linear computational notebooks since they view them “like scratch pads” where they make

“many trials and branches;” they felt there is an art to “cleaning the notebook at the end

and running it top to bottom to make sure it works.”

For Sectioning a Notebook, some agreed that this is a problem. One participant “person-

ally struggled with” this pattern, stating they’ve “tried using markdown blocks to help, but

they don’t work as well as needed.” Another participant felt “sections and subsections help

the navigation,” but “the problem of scrolling back and forth” remains. A third participant

felt that “you need an extra navigation tree to jump to each section, which is not very intu-

itive.” A fourth participant expressed support for hierarchies in computational notebooks,

noting that “when encountering something I want to address as a separate ’thread,’ I’ll

simply copy the notebook into a new one and make modifications.” While this is a decent

workaround, this participant noted it leads to code consistency issues later on, requiring a

“lengthy revision” process. Finally, a fifth participant also created multiple notebooks for

sectioning.

Other responses felt Sectioning a Notebook is not a problematic pattern. One participant

stated they “use markdown headers with a [Table Of Contents] to solve this just fine,” while

another felt their notebooks are “generally not large enough for this to be a problem where
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sections need to be marked/remembered.” A third participant didn’t see a problem with this

pattern, and a fourth participant expressed mixed feelings, noting “with some projects this

is an issue, but sometimes linear sections are relatively intuitive.”

Finally, two participants noted they use environments, like VSCode and JupyterLab, with

tools to mitigate this issue through collapsible sections, and one participant expressed that

“relegating” tools to address this issue to visual features “neglects the needs of nonvisual

data scientists.”

For Prioritizing Items by Importance, five participants said this pattern is problematic;

one participant wished “there was some interaction to prioritize” such as “collapse and ex-

pand.” Another stated exploratory work in computational notebooks is “messy” and that a

user does not “need all the cells to make sense of the flow,” which means hiding or showing

cells “will be useful.” Two other participants felt being able to prioritize items would be nice;

one said missing such features is “not a deal breaker.” Finally, one participant noted exten-

sions for Jupyter Notebooks can address issues like “collapse/expand,” and that Stickyland

[73] “supports highlighting certain important cells.”

Five different participants said thoughtful use of markdown cells, like using header font sizes

to indicate importance, alleviates this issue. One other participant felt prioritization is a

“skill of the author,” not a “quality of the document,” suggesting it is not a user experi-

ence issue. Another participant felt a “(book)marking feature to emphasize things/lines of

importance” would be enough, instead of breaking the linearity of current computational

notebooks. Finally, one participant worried prioritizing would not work well in a collabora-

tive setting, stating it “might create an emphasis on a non-important cell.”

For Gathering Visualizations & Results into Dashboards, eight participants said it

is problematic. One participant felt “the linear structure doesn’t seem to support this well.”
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Another said using Streamlit, a visualization package, to create dashboards is “tedious,” and

a different participant felt scrolling horizontally in mini-plotly dashboards “is a pain.” Yet

another agreed notebooks lack “good dashboarding support” but also felt notebooks will

not “recreate Tableau,” while another stated “you will need to use other tools” to create

dashboards.

Five participants expressed skepticism on creating dashboards in notebooks. One partici-

pant uses computational notebooks “mainly to experiment and share early results” and felt

dashboarding is “not really aligned with my workflow” in part because their notebooks are

“typically small enough that an additional collection process is not necessary.” Another

doubted computational notebooks are “the ideal or perhaps intended way” to create dash-

boards; they recognized, however, the “potential utility” of “having that functionality as

part of an end-to-end data science process in notebooks.”

For Interacting Nonlinearly with Interactive Visualizations, four participants felt

navigating between interactive visualizations necessitates tedious scrolling, which one par-

ticipant noted means “you can lose context of where you are in the notebook.” Another

participant keeps their “long” visualization codes in a separate file to keep the code cell’s

length as small as possible” to deal with this issue. Other issues mentioned as related

to this pattern include reproducibility, or keeping the computational narrative intact, and

converting results from interactive explorations into data or variables. For the former, one

participant noted if a “user interacts with a visualization” in a particular way, such as making

a selection, this interaction may not be “obvious to another user” working on the notebook

later. For the latter, one participant wished they could convert “exploration results into

data/variables” for “reuse” in “later cells.” It should be noted that AnyWidget [49] does

enable such “reuse” of exploratory results.

Two participants expressed skepticism about this pattern. One participant asked “is there
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a need for [interacting with multiple visualizations in one notebook]?” The other felt that

education to help make “better writers in notebooks” would address this issue, stating “this

is bad praxis, not theory.”

For Modularizing Code, several participants felt it is problematic with additional caveats.

One participant felt this is easier to manage “in smaller and medium size notebooks” and

“very difficult as the notebook gets longer and there are too many functions to change/pa-

rameters to update.” Another felt their notebooks were “typically not large enough for this

to be a concern” since they “don’t really have modules embedded in a single notebook.” This

issue related to notebook size may be due in part to what one participant noted: “find and

replace tools are lacking” in some notebook environments, such as JupyterLab, leading to

the need to manually change each instance of a function instead of finding all instances and

replacing them with an updated function signature. Furthermore, one participant wished

that find operations, when available, could be restricted to “search within a cell” instead of

always the entire notebook.

Two participants felt Modularizing Code is a common problem in programming, especially

since, as one put it, “updating a function means re-running most (or all) of the other code.”

One solution to this problem is using computational notebooks “in concert” with IDEs

(integrated development environments); some IDEs, as noted by one participant, enable

users to “see your hierarchy within classes, functions, etc.” as well as “jump to other code

sections” as noted by another participant.

Other comments here include wishing one could “split a notebook into multiple smaller

notebooks as modules,” a note that one can “fold those functions,” and an assertion that

“no one has guided folks into writing good computational literature” as the real problem

here.
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For Controlling Cell Versions, the qualitative feedback largely agreed it is problematic;

one participant went so far as to say they “have never been able to do any sort of cell

versioning over notebooks” while another felt it “leads to serious issues later and lost /

irreproducible work.” Another participant noted “it can be hard to keep track of when

a code cell and intermediate results are stale” and felt annoyed at having to re-run all

preceding cells, including cells “which have long run times” to ensure consistency. Even the

participant most skeptical of nonlinear notebooks felt this was an issue, noting that they

sometimes “share a cell that was meant to get deleted” or share a “saved version” that is

not the “complete executed version,” effectively sharing “too soon.”

Some suggestions from participants include version control for individual cells, being able to

mark specific cells “to keep history, rather than a global on or off,” an “interaction to scroll

horizontally to change versions,” and having a “full ‘commit’ history” for each cell. One

participant felt they tended to get by with the undo function in JupyterLab as long as they

are “still actively working in that area of the notebook,” while another used “git/vscode

history for version control.” The latter felt “it would be cool if [a] notebook can handle

history itself.”

For Managing Nonlinear Execution Patterns, responses agreed it is problematic, but

also a key feature of notebooks. One participant noted this “can be a serious problem for

people unaware of the code itself and may not understand various dependencies” while an-

other felt it “can be a problem when something breaks, especially after leaving the notebook

for a period of time and returning to it to make changes.” Yet another participant com-

plained that “so many things,” such as “assigning multiple values to one variable, change

of environment, etc.,” can “cause a cell break and you have to restart kernel and run from

the start.” Restart and run all was suggested by several participants as a good habit for

beginner coders to form, combined with “continuously moving cells up and down to provide
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the correct execution order,” as part of their best practices or “notebook hygiene.”

Three participants felt the nonlinear cell execution ability of computational notebooks is a

good feature for various reasons, like exploratory programming and audience-tailored pre-

sentations. One participant felt that without this ability, “several QUICK experiments will

become impossible.” Another participant noted they are often “running only specific cells

when demo-ing code to collaborators, which really saved time.” That being said, they also

“run into issues where some error crops up because [they] forgot to execute an earlier code

block.”

Other comments include how third-party notebooks often have issues with out-of-order cells,

making the process to “get things working” tedious, that “some linters and environments

(vscode plugins) warn you when something is out-of-order,” and a complaint that some

computational notebook users aren’t interested in learning best practices.

Summary Themes in Pattern Feedback

Through reviewing the qualitative feedback, we found the following themes, which sum-

marized the majority of feedback received: Drawbacks of Virtual Navigation, Using Other

Tools, Learning Best Practices, and Collaboration Issues.

The Drawbacks of Virtual Navigation include reliance on internal memory, tedious

scrolling, and inefficient use of space; the first two appear more often. Linear computational

notebooks require virtual navigation and do not make good use of larger, widescreen displays

due to the top-down organization of cells. Participants felt these drawbacks in several of

the patterns, especially Comparing Visualizations & Results, Branching Code Paths, and

Interacting Nonlinearly with Interactive Visualizations. Nonlinear notebooks can address

these drawbacks since they would not be constrained to a 1D, top-down organization of cells.
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This would enable Space to Think [2] with more external memory use and less scrolling.

Another common theme was Using Other Tools, like Tableau, and IDEs that can contain

notebooks. Linear computational notebooks have certain limitations which may lead users to

utilize other tools for certain tasks. For Gathering Visualizations & Results into Dashboards

in particular, tools other than notebooks were commonly used for dashboarding, like Tableau.

Several participants also noted use of extensions to computational notebooks, such as the

linearity-breaking Stickyland [73], to address issues raised by the patterns.

Learning Best Practices was a common suggestion and the regular theme of the one

participant who strongly disagreed with whether 2D nonlinear notebooks had the potential

to address these problems; it was also mentioned by several other participants at least once.

While learning best practices, such as regularly restarting and running all cells, and utilizing

them is important and can save time on cleaning, it is not the only way to address the

patterns found in this paper.

The remaining theme, while less common than the above three, was still worth mentioning;

Collaboration Issues was mentioned by two participants as a relevant consideration, once

on Branching Code Paths and once on Prioritizing Items by Importance. When multiple

users are coding in a computational notebook, some challenges may be exacerbated or begin

to appear, such as different prioritization structures leading to disparate understandings of

the importance of code cells and outputs, or more branches being created as different users

work. Given the increase in collaborative coding with computational notebooks, this theme

is worth consideration in designing future computational notebooks.
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Impressions of 2D Nonlinear Notebooks’ Potential

While the Likert-scale results for 2D nonlinear notebooks’ potential were cautiously opti-

mistic, the qualitative feedback tended to focus on the “cautious” part of said optimism.

That being said, positive feedback included that 2D nonlinear notebooks “could be helpful

for organizing workflows, visualizations, and branches, and might make browsing a notebook

easier,” with another participant stating such notebooks would “aid developers from writ-

ing and grouping and managing code better.” One participant went so far as to say that

“notebooks in the form of canvas seems like a great idea.”

Concerns included information overload, readability for new users, maintaining “a disci-

plined, reliable notebook” in 2D, and accessibility for non-visual users. One participant

noted the need for a large display to best use a nonlinear 2D notebook, and expressed con-

cern about information overload, stating “seeing the whole graph (of a non-trivial workflow)

seems overwhelming as well.” A second participant worried about readability, saying “the

final output will be less readable for someone seeing the notebook for the first time.” Two

other participants worried about maintaining “disciplined, reliable” computational note-

books. One of these participants felt 2D canvases, in addition to providing certain benefits,

may “add another layer of complexity to navigating a notebook if the author isn’t very strict

with how they organize their cells”; they gave the example of messiness with scratch work

in linear notebooks, and worried that “in a 2d layout, my notebook might turn out even

messier.” Still, they felt “some kind of guardrails or educational tooltips/predefined layout

templates to help coders establish and stick to good organizing practices could be helpful”

in addressing this. The other participant in this duo expressed concern for how they might

use 2D canvas notebooks, stating they “could see myself spamming the charts and having

them all over the place with no clue which belongs to which block of code.” Finally, one

participant expressed concern with how accessible nonlinear computational notebooks in 2D
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canvases would be for blind and low vision users, who generally need to hear content in-

stead of see it; this participant felt “1D is a critical predicate for the 2D and they need to

work together” and expressed concern about how “ordered execution,” “the hallmark of [a]

trustworthy document,” is something “we can’t measure in 2D.”

Other comments include a note that “a 2D notebook should have less confusing interactions”

given how the number of interactions grows “with version control and nonlinearity,” a note

that layout remains challenging since “the user needs to do the organization,” and a note

that one participant does not “like infinite canvases all that much.”

Existing Workarounds for Linear Notebooks

While nonlinear computational notebooks may well address patterns of nonlinearity, clever

users have found some workarounds for linear notebooks; this includes some survey par-

ticipants who detailed their workarounds in comments. Their workarounds include using

multiple notebook files to represent different branches or sections, making side-by-side vi-

sualizations from one code cell, opening the same notebook multiple times to show items

side-by-side, and using IDEs together with computational notebooks. Below we briefly de-

scribe each workaround and detail how a nonlinear notebook might address the issues.

Making multiple related notebook files to represent different branches/sections can work;

it can also lead to consistency issues between the related notebooks when key code gets

updated; this can require a tedious, lengthy revision process to correct that may include

“making an external source file and importing common functions from it.” Nonlinear note-

books could spatially represent different branches/sections within one notebook, avoiding

consistency issues between different files.

Coding multiple visualizations side-by-side in a single notebook cell is doable, but the addi-



3.5. SURVEY RESULTS 39

tional overhead to correctly code multiple visualizations into the same output is burdensome.

One participant felt “it is usually easier to make many plots and scroll up and down” than

to make one code cell with multiple visualizations. Nonlinear notebooks could enable users

to quickly copy code cells with visualizations, make the necessary changes to the input or

code, and arrange code cells in a more intuitive manner to show visualizations side-by-side.

Users can open a single notebook multiple times and arrange the multiple views of the

notebook side-by-side, but this seems a hackish approach still limited by the linear format

of current computational notebooks. Nonlinear notebooks could enable users to open one

view of a notebook with cells arranged in nonlinear ways that make sense for what they are

working on.

Finally, IDEs with computational notebook capabilities, like VSCode, are powerful tools that

can address multiple issues currently plaguing linear computational notebooks, like keeping

track of variable states and avoiding stale results. Nonlinear notebooks can also help with

issues such as the aforementioned, as it would be possible to, for example, have a code cell

or special cell dedicated just to showing the current state of variables. Overall, the authors

view IDEs and nonlinear computational notebooks as likely complimentary.

The last workaround, from the authors, is using shell script windows to write python code;

good code gets copy-pasted into a computational notebook. This workaround utilizes non-

linear space to arrange scripts, which suggests that a good nonlinear notebook environment

could fulfill such needs without having to work with other tools.
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3.6 Discussion

We divide our discussion into three sections: Evaluating the Patterns, 2D Nonlinear Note-

books & the Pinpointed Patterns, Accessibility Concerns for Nonlinear Notebooks, and Non-

linearity & Prior Literature on Computational Notebook Issues.

3.6.1 Evaluating the Patterns

Of the patterns we identified, the most critical ones according to our analysis are Managing

Nonlinear Execution Patterns, Controlling Cell Versions, Branching Code Paths, and Gath-

ering Visualizations & Results into Dashboards. The first three of these deal with issues

that rise due to the iterative, exploratory nature of data science. As users explore their

data, they tend to create different branches for different experiments, update code cells to

newer versions, and execute cells out of order to update functions, visualizations, and more.

The last critical pattern deals with an issue that affects users’ ability to efficiently and ef-

fectively utilize results and visualizations to gain and communicate insights. While a single

visualization may be worth a thousand words, a group of related visualizations clustered

into a dashboard can be better than the sum of its parts through streamlining comparative

analyses.

While not as critical, Comparing Visualizations & Results, Interacting Nonlinearly with

Interactive Visualizations, and Modularizing Code still seem worth addressing. The first two

of these patterns could be helped by enabling better support for Gathering Visualizations &

Results into Dashboards, while the last pattern is often more of a notebook cleaning issue.

Finally, Sectioning a Notebook and Prioritizing Items by Importance seem somewhat well

addressed in current linear computational notebooks. Still, there may be better ways to
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address these patterns in nonlinear computational notebooks, such as the multi-column style

found by Harden et al.[22] and enabled in the 2D Jupyter extension [23] for sectioning.

3.6.2 2D Nonlinear Notebooks & the Pinpointed Patterns

To answer RQ3, we discuss impressions of the potential of nonlinear notebooks and design

opportunities and challenges.

Current Impressions of Nonlinear Notebooks’ Potential

With 80% of participants at least slightly agreeing that 2D nonlinear notebooks could address

the patterns of nonlinearity this paper covers, and with the qualitative feedback, it seems

most participants are cautiously optimistic about nonlinear notebooks’ potential. Bene-

fits participants foresaw include better “organizing workflows, visualizations, and branches,”

“writing and grouping and managing code better,” and easier browsing of notebooks; chal-

lenges include information overload, readability, learning new best practices, and accessibility

for nonvisual users; the latter will be covered in Section 3.6.3.

Design Opportunities

Nonlinear computational notebooks, through expanded use of space, may provide opportuni-

ties to create more effective, efficient interactions for some data science tasks and processes,

like the patterns listed as key problems in Section 3.6.1. Interactions like swiping horizontally

to see versions of a code cell, snapping together a grid of visualizations into a dashboard,

and copy-pasting code cells to create a new branch provide ample opportunity to make good

use of nonlinear, 2D or 3D space. Enabling such functionalities will likely require a con-

certed effort by researchers, designers, and developers to fully realize nonlinear notebooks’
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potential. We recommend that such future work focus on addressing the most critical of the

patterns identified in this work.

Design Challenges

While there are opportunities for innovation with nonlinear notebooks, there are challenges

to address, as well. Given the potential for information overload from having many items

visible on a larger display, determining how much information should be displayed at once,

or at different levels of semantic zooming, to prevent analysis paralysis is a worthwhile av-

enue of research. Navigation may also be a challenge, especially related to zooming and

how markdown text should “react” to such actions to preserve the readability of a non-

linear computational notebook. Furthermore, with the expanded space and interactions

available to users, learning new best practices may be essential training to best use nonlin-

ear computational notebooks; guardrails, tooltips, templates and more may be part of this.

Best practices are important given the potential for messiness to be spatialized in nonlinear

notebooks. Another challenge related to this is how much structure should be enforced or

provided to users as a tool for keeping cells organized; while freeform arrangement of cells

can enable novel arrangements, it may also exacerbate messiness. Balancing structure and

freedom in nonlinear notebooks remains an open question. We recommend anyone working

to develop nonlinear computational notebooks keep these potential problems in mind.

3.6.3 Accessibility Concerns for Nonlinear Notebooks

Work on nonlinear notebooks tends to assume users are sighted; however, capable nonvisual

data scientists and analysts exist and deserve consideration when designing future compu-

tational notebooks. Given that most nonvisual users use screen readers to listen to content,
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a key problem facing nonlinear notebooks is that of how to represent them to nonvisual

users. Two potential avenues to address this concern include developing capabilities to turn

nonlinear notebooks into linear ones and creating graph representations of notebook flows

navigable with keyboard shortcuts and understandable via screen readers. As we seek to

improve computational notebooks for sighted users, we must also consider how to maintain

and improve usability for nonvisual users.

3.6.4 Nonlinearity & Prior Literature on Computational Note-

book Issues

It should be noted that prior work has identified issues with computational notebooks with-

out citing the linear, 1D, top-down organizational style of current computational notebooks

as an issue. Chattopadhyay et al. [11] focused on a diverse set of issues, ranging from resus-

ability to managing code to scaling to large datasets, which were gathered from observing

and interviewing data scientists and then validated in a survey study. Rule, Tabard, and

Hollan [62] focused on how exploration and explanation, both of which are goals of compu-

tational notebooks, are often at odds. Chattopadhyay et al. did not mention nonlinearity

at all, but Rule, Tabard, and Hollan did note support for nonlinear narratives, unsupported

by current linear notebooks, as a design opportunity. While the linear, 1D style may be, in

the words of Rule, Tabard, and Hollan [62], “elegant,” the success of prior works that break

the linear mold [23, 73, 75] gives reason to consider linearity as a potentially limiting factor

for computational notebooks.
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3.6.5 Limitations

The validation and evaluation of the patterns and the potential of nonlinear notebooks was

based on a survey study of user perceptions as opposed to a set of user studies. However,

since one of the goals of this paper is to help inform future research into and design of nonlin-

ear computational notebooks, we believe a survey study is adequate to establish actionable

information. Also, some survey participants may have been biased towards the potential of

nonlinear notebooks due to participation in the mentioned computational notebooks work-

shop. Finally, we are limited by the small number of participants, which may be due to the

length of the survey.

3.7 Conclusion

Computational notebooks are useful for exploration and explanation in data science work,

but are limited by the current linear, top-down organization of their cells; recent works

[22, 23, 73, 75] showed nonlinear computational notebooks could be better than current

computational notebooks. To better inform future research and design of computational

notebooks, we evaluated literature and our own experiences to come up with a list of pat-

terns of nonlinearity in computational notebook work: Comparing Visualizations & Results,

Branching Code Paths, Sectioning a Notebook, Prioritizing Items by Importance, Gathering

Visualizations & Results into Dashboards, Interacting Nonlinearly with Interactive Visual-

izations, Modularizing Code, Controlling Cell Versions, and Managing Nonlinear Execution

Patterns. We then conducted a survey study to evaluate how problematic each pattern is

and why; we found that Managing Nonlinear Execution Patterns, Controlling Cell Versions,

Branching Code Paths, and Gathering Visualizations & Results into Dashboards were the

top issues, with Comparing Visualizations & Results, Interacting Nonlinearly with Interac-
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tive Visualizations, and Modularizing Code also being worthwhile issues to address. Overall,

this work may help guide future research and design of computational notebooks.



Chapter 4

Exploring Organization of

Computational Notebook Cells in 2D

Space

4.1 Introduction

Since computational notebooks, a popular data science tool [66], such as Jupyter [30] emerged,

millions now use them for their work [62], including research communities [55]. Computa-

tional notebooks combine code, visualizations, and text in one document, enabling analysts

to construct a computational narrative [62]. Computational notebooks also let analysts in-

terleave results with code and edit code in-place, helping the iterative, exploratory process

of data analysis [31, 62] to quickly test and refine models on their data and see results.

Current computational notebooks do not handle non-linearity well given the 1-dimensional

(1D) layout of cells. Rule, Tabard, and Hollan [62] view support for non-linear narratives as a

key design opportunity. We identify two common types of non-linearity: different operations

on same data, and same operations on different data. The former may occur when an

analyst tries different models, tweaks parameters, and compares results to iteratively refine

their work on a single dataset. This is valuable for presentation to a technical audience

46
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interested in choosing an analysis method. The latter may occur when an analyst performs

the same analytic steps on two different sets of data, such as separate subsets of a single,

larger dataset; this is valuable for comparative analysis.

Another limitation of current computational notebooks is navigating long notebooks with

many cells, as scrolling up and down becomes tedious. To address this, some of the au-

thors open the same computational notebook in multiple windows, with each one showing a

different part of the notebook.

To better represent non-linearity and improve navigation in longer notebooks, the authors

propose organizing computational notebook cells in 2 dimensions (2D); instead of ordering

cells from top to bottom as an ordered list, a 2D environment may empower users to ad-

dress non-linear narratives with non-linear configurations and enable additional methods of

navigation in addition to scrolling vertically. 2D space may also empower users to encode

meaning into space, like how analysts used extra space in Space to Think studies [2, 43].

This paper contributes to research on computational notebooks through exploring 2D or-

ganization of computational notebook cells and requirements gathering for designing 2D

notebooks. We focused on the following research questions:

1. Given a notebook with non-linear features, would users utilize 2D space?

2. How would users organize notebook cells in 2D space?

3. How would users encode run order in a 2D layout?

4. What strengths and weaknesses might 2D notebooks have compared to 1D notebooks?

5. Would users want to use 2D computational notebooks?
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4.2 Background and Related Works

4.2.1 Computational Notebooks

Computational notebooks, influenced by Knuth’s literate programming [39] concept where

authors weave “human language with live code and the results of the code” to produce a

computational narrative [54], support incremental and iterative analysis, explanation of an

analyst’s thoughts and processes, and sharing of code, text, and visuals in one document

[62].

However, Chattopadhyay et al. [11] found users struggle with computational notebooks.

One struggle with the iterative process of exploration and analysis is messiness [34, 47, 62].

Analysts described notebooks and their code as “ad hoc” or “throw-away” [25, 31] and in

need of cleaning [62] before presentation. Kery et al. [34] found data analysts, as part

of the process of exploring alternatives, replicate code across many cells that must later be

refactored, a process both tedious and error-prone [34, 75]. In short, exploration and analysis

can complicate constructing clean computational narratives.

Some proposed solutions include forking and backtracking of stateful alternatives [75] and

version control systems [32, 33]. Weinman’s work on forking [75] introduces forking in 2D

space, which supports using 2D to address computational notebook issues. Following best

practices, such Rule et al.’s [62, 63], can also resolve many issues. We support such work;

such guidelines are complementary to our work, and appropriate use of 2D space could be a

future best practice.
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4.2.2 Computational Narratives

Perez & Granger [54] note computational narratives are developed for a set of audiences

and contexts; given different audiences and contexts, different storytelling strategies are

necessary [41]. An audience only interested in results may find a linear narrative with only

relevant cells helpful. However, some audiences may benefit from a non-linear narrative

structure. Weinman et al. [75] note that “the ability to proximally compare” different

visual representations of data is critical to analysis processes. In addition, an audience that

wants to understand and evaluate the entire analytic process may find a non-linear narrative

structure better, as it can expose alternatives tried and compared to the final results used,

enhancing reproducibility. Weinman et al. [75] found analysts used forking paths to compare

results of machine learning models as part of their exploratory analysis; while they focused

on analysis, seeing different options tried and their results in a proximally comparable way

could aid understanding.

4.2.3 Space to Think

Andrews, Endert, and North [2] focused on large, high-resolution displays for sensemaking,

and found additional space aided users in two ways: it enabled externalized memory, letting

users focus on the task at hand rather than on recalling important info, and it enabled

encoded meaning into space, such as by clustering similar items together. That work has

been expanded through study of additional space provided by virtual reality [43], as well

as collaborative uses of large spaces through increased and varied content contribution [37].

Similar works demonstrating benefits of space to programming tasks include Code Bubbles

[8] and VisSnippets [9].
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4.3 Methodology

This study consisted of a screening questionnaire, user study task, post-task survey, and

optional interview. The user study task focused on research questions 1-3. The post-task

survey and optional interview focused on research questions 4-5. 50 participants from two

universities’ academic listservs of students and faculty applied. 43 passed screening to ensure

Python and computational notebook experience. 25 completed the user study and post-task

survey; we interviewed 5 of them.

4.3.1 User Study Task

We created a computational notebook with analysis of publicly available COVID-19 data

focused on Virginia and two of its counties: Fairfax and Henrico. Knowledge of Virginia was

not expected from participants. The analysis contained non-linear features; it included three

different charts for Virginia overall, showing the same data with different analyses, while the

two counties had the same analyses done with different data; each county had 3 graphs. We

divided the analysis into sections with markdown cells at the beginning of each section. We

converted each notebook cell into an image and randomly placed it in a jumbled pile on a

Miro Board [51], infinite 2D canvases that allow users to move images around at will, connect

them with arrows, create labelled frames that images can be put into, and more. We used

Miro Boards because of these additional features to explore what kinds of additional visual

features might help in 2D computational notebooks.

Each participant got a personal copy of the Miro Board and were instructed to take 40

minutes to complete the task of organizing the cells. We designed the task to set presenta-

tion and development as key considerations. Due to COVID-19, we were unable to watch

participants complete the task.
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To analyze the visual layouts created, we took all the participants’ layouts and their mini-

maps and put them into a single Miro board for study. Comparison and pattern finding was

done with an open coding approach with multiple coders.

4.3.2 Post-Task Survey and Optional Interview

Participants completed the post-task survey after they finished the user study task, which

consisted of 19 seven-point Likert-Scale (strongly disagree to strongly agree) questions in-

vestigating participants’ attitudes towards 2D Computational Notebooks’ potential, as well

as qualitative questions about the visual layout they created, their reasoning for it, and

initial thoughts on 2D Computational Notebooks’ potential. We analyzed qualitative data

using open coding to identify themes, and Likert-Scale data using frequencies for each choice,

condensed to agree, neutral, and disagree.

In the interviews, which lasted 45 minutes to 1 hour, we delved deeper into participants’

qualitative survey responses. We transcribed them and used open coding to identify themes.

4.4 Results

4.4.1 User Study Task Results

Most participants utilized 2D space, as seen in Fig 4.1 below, with the layouts grouped

into 3 distinct approaches. Furthermore, the authors easily interpreted the run order of all

participants’ layouts except for the layout by participant P09.
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Figure 4.1: Minimaps of User Study Task Results

High-Level Design Patterns

We identified 3 high-level organizational design patterns in 2D: Linear (7 instances), Multi-

Column (8 instances), and Workboard (10 instances).

Figure 4.2: Example Linear design pattern with 3 split cells.

The Linear pattern uses one column as the layout’s backbone and has three subgroups:

Traditional, Split-Cell, and Split-Column. Traditional Linear (4 instances) is equivalent to
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a 1D Computational Notebook layout. Split-Cell Linear (2 instances), like Fig 4.2 has at

least 1 cell in the column is “split” into a row of cells, like the Jupyter Notebooks Split Cells

extension [40]. Split-Column Linear (1 instance) eventually splits the main column into two

or more columns, like Fork-It [75]. Linear layout run orders were always top-to-bottom, with

Splits being left-to-right. Running splits in parallel or any order could be possible and may

represent cognitive branching.

Figure 4.3: Example Multi-Column design pattern with parallel counties.

The Multi-Column pattern arranges cells in columns run left-to-right and top-to-bottom

in columns. The columns represent “chunks” or sections from the notebook, each chunk

with its own semantic meaning. Unlike Split-Column Linear, all columns start at about the

same vertical position instead of splitting from a main column. 5 users aligned the 2 county

columns, pushing the second column lower, as in Fig 4.3.

The Workboard pattern had complex 2D layouts in two sub-groups: Grouped Combina-
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Figure 4.4: Example Workboard approach using a Directed Acyclic Graph.

tions and Directed Graphs. Grouped Combinations (6 instances) organize notebook cells

into sections which may differ in strategy (e.g. Linear, Multi-Column). For example, sec-

tions may be arranged vertically with each section being multi-column. Layout P09, the only

confusing run order, was in this subgroup; they arranged sections vertically and may have

meant for sections to run in a clockwise rotational manner. Directed Graphs (4 instances)

use arrows to develop flowchart-like run orders (as in Fig 4.4) similar to node-link diagrams,

which are useful in visual programming endeavors like the block-based programming work

of Suzuki et al. [67]. Each Directed Graph used a top-down progression, with 2 also using

left-to-right progression.
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Representations of Non-Linearity

We noted whether and how participants utilized 2D space for non-linear features of the

computational notebook. 20 of 25 users utilized 2D space for one or more kind of non-

linearity mentioned in the introduction. For different data, same analysis, 15 layouts aligned

similar charts for the county data subsets horizontally, as in Fig 4.3 and 4 layouts aligned

these charts vertically, as in Fig 4.2. 7 of 8 Multi-Column pattern users aligned the charts

horizontally. These users may have sought to ease comparisons between the counties. For

same data, different analysis, 4 layouts aligned Virginia charts horizontally, as in Fig 4.2.

Low-Level Features

We also noted use of certain low-level features, such as columns of cells (25 layouts), rows

of cells (19 layouts), and arrows to denote flow (9 layouts). Several cell grouping features

were seen, such as boxes (4 layouts) around similar cells or spatial clustering of similar cells

in the same general area, with clusters separated by white space. 4 users used Miro’s [51]

sticky notes feature to label different clustered sections or to help others understand their

layout. Finally, 2 users left a few cells apart from the rest; this could illustrate scratch space

or a discard pile.

4.4.2 Post-Task Survey Likert-Scale Results

Users rated 2D notebooks’ potential positively compared to 1D notebooks. Almost all sur-

vey questions had most votes on the Likert scale’s “agree” side. According to the responses,

summarized in Table 4.1, the tasks most likely to be helped by 2D computational notebooks

are comparison activities, such as comparing results with different model parameters, dif-

ferent data, or different visualizations. However, some users were skeptical about 2D com-
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Table 4.1: 2D Notebook Survey results with Likert-scale frequencies

Question Agree Neutral Disagree
Better Info Layout than 1D 24 0 1
Easier to Navigate than 1D 18 2 5
More Beneficial than 1D 21 3 1
Made Meaningful 2D Layouts 20 5 0
Like Unrestricted Cell Placement 23 0 2
Infinite Canvas Useful 22 1 2
Better in 2D: Collaboration 19 1 5
Better in 2D: Presentation 20 1 4
Better in 2D: Exploring, Prepping Data 18 3 4
Better in 2D: Development, Analysis 15 3 7
Better in 2D: Debugging 12 2 11
Better in 2D: Branching Paths 20 3 2
Better in 2D: Sectioning Code 22 1 2
Better in 2D: Comparing Vis 25 0 0
Better in 2D: Comparing Parameters 23 2 0
Better in 2D: Comparing Data 23 2 0
Would Use 2D Notebooks 19 5 1

putational notebooks’ usability for debugging, analysis and development; others doubted

navigation would be easier in 2D space.

4.4.3 Qualitative Survey Questions and Interview Results

We analyzed the qualitative responses and grouped themes into 4 categories: Benefits, Chal-

lenges, Features, and Preferences. The first two focus on potential benefits and design

challenges of 2D Notebooks. Features focuses on features that helped users make a good

layout. Finally, Preferences focuses on expressed preferences for 2D or 1D notebooks. Table

4.2 shows themes by category and summarizes each theme with a participant quote. The ta-

ble notes the number of participants (users) whose comments expressed the same sentiment,

either in the survey response or interview format, as each theme.
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Table 4.2: Qualitative Themes in Survey & Interview Results regarding 2D Notebooks

Category Theme Sample Quote Num.
Users

Benefits Comparison “I think the 2D notebook will be super useful for
any kind of comparison analysis.”

5

Presentation “This is a great tool for presenting data to layman
audiences.”

4

Organization “The 2D board is definitely hugely beneficial to
organize code in a meaningful manner.”

2

Externalized
Memory

“If I’m able to have everything listed in one doc-
ument, I wouldn’t have to be switching into web
browser tabs to look at documentation or things
like that.”

1

Collaboration “2D space opens up the opportunity for multiple
people working multiple spaces at the same time.”

1

Challenges Navigation “The zooming in and out and continuous scrolling
to reorganize the tiles seemed tedious.”

10

Cognitive
Load

“Organizing [notebook cells] might be a little te-
dious however, and needs to be planned in ad-
vance.”

2

Features Arrows “The arrows were very useful, as they helped direct
the flow of the narrative.”

10

Boxes or
Frames

“The boxes also helped in grouping cells together.” 7

Preferences Prefer 2D “[2D Notebooks] felt like a great and much easier
way to reorganize some of my Jupyter notebooks!”

3

Prefer 1D “In terms of [collaboration and development], I feel
that the linear layout would still work best.”

2

4.5 Discussion

1D notebooks struggle with non-linearity and navigating longer notebooks, which prompted

our work on 2D notebooks. Initial evidence suggests 2D space may provide the benefits found

in Space to Think studies [2, 43], and future studies may validate benefits of discovered 2D

notebook design patterns.
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4.5.1 Organizing Notebooks in 2D

The Split-Cell extension [40], and Fork It [75], show how 1D notebooks can benefit users

with limited 2D space. The prevalence of the Multi-Column approach among participants

suggests that as a new notebook extension for 2D space usage.

Still, most users liked the flexibility of cell placement in the 2D computational notebook

sketch using Miro [51]. Participants with Workboard layouts designed varied, creative flows

to express different aspects of the notebook structure. Given this and the fact that 20 of the

21 2D layouts’ run order were intuitive, a 2D Computational Notebook could be useful even

given 1D notebooks with limited 2D capabilities.

4.5.2 Enabling Strengths of 2D Notebooks

Almost all participants thought the 2D Notebook environment would be useful for compar-

ative analyses. Their layouts placed cells or sequences of cells side-by-side, such as in the

two aligned columns in Fig 4.3. Thus, 2D computational notebooks should enable users to

compare results from different cells or branches in flexible and easy-to-use ways; for multi-

column designs, this might mean changing the order and alignment of columns easily to

enable quicker comparisons.

The potential to run notebook segments in parallel is exciting. Layouts had parallel side-by-

side branches in the cell layout, or with one-to-many arrows. Data analysts may try different

machine learning models with a dataset for a classification task, and could run adjacent

columns of code in parallel, getting results quicker to better compare model performance

and choose which method to use in production.

Finally, more sophisticated controls for running cells in a 2D notebook may prove useful;a



4.5. DISCUSSION 59

user may want to run a group of cells, such as those in a particular column or cluster. This

would require ways to designate groups of cells. Some participants used explicit grouping

features, such as boxes or columns or rows, to express such semantic grouping.

4.5.3 Addressing Tradeoffs of 2D Notebooks

While the 2D Computational Notebook concept shows promise, the results indicate potential

downsides. One downside some participants noted was tedious navigation. Given partici-

pants’ survey and interview responses, aiding navigation in intuitive, efficient ways seems

critical for 2D computational notebook design. Two ideas for dealing with this include sec-

tioning code cells using boxes or frames and enabling quick jumps to different sections, and

enabling search utilities for keywords in code and text. In addition, an interactive mini-map

with features like clicking on a cell and jumping to it may help improve navigation. Finally,

certain headers in markdown cells should remain readable even when users zoom out.

Another consideration is more cognitive load; a user must organize cells during analysis.

However, given how notebooks become “messy” [25] in 1D, it may be that considering cell

organization during analysis could benefit users. There are also ways to address cell organi-

zation. First, a templating mechanism could be designed, in which users select from a set of

common templates to pre-organize cells or provide initial structure. The templates should

be based on data, such as the observed high-level strategies. After selecting a template,

the notebook might provide visual affordances such as pre-labeled sections in 2D space, and

interactive affordances to fill in cells in the template. For example, a multi-column template

could provide a set of initial empty columns to fill in with cells. AI methods could also

be developed to semi-automate cell organization through actions like suggesting templates

based on code structure and static analysis [76], semantic interaction [18], and active place-
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ment of cells. An AI could spot non-linear branches of ‘same analysis with different data’

and suggest a parallel multi-column template. Wenskovitch et al.’s work [76] on visualizing

dependencies and relationships between computational notebook cells uses a dynamic graph

structure that might be built upon to enable such methods.

4.5.4 Assessing Interest in 2D Notebooks

The results of the user study task provide evidence that users are willing to organize com-

putational notebooks in 2D. The fact that, out of 25 participants, only 4 opted to align the

cells in 1D supports this idea. That 19 out of 25 participants agreed that they would like

2D Computational Notebooks in their analytic toolbox also supports this assertion.

4.5.5 Limitations

This study is limited by its task structure and medium. The task structure could require

more panning and zooming than would be normal in a 2D notebook. This, combined with

the fact that using Miro meant assuming a generic 2D canvas with standard pan/zoom

2D navigation may contribute to complaints of tedious navigation. While more structured

forms of navigation may alleviate this, the fact that such tedium was noted by 10 participants

(40%) suggests that navigation is a key design concern for 2D computational notebooks. Fur-

thermore, Miro is not a 2D Computational Notebook prototype; care was taken in drawing

conclusions about design requirements for 2D Computational Notebooks.

s
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4.6 Conclusion

Computational notebooks enable crafting of meaningful, replicable computational narratives.

However, 1D computational notebooks make presenting certain narratives and performing

some analyses difficult. Thus, we investigated 2D computational notebooks’ potential to

address non-linear narratives and improve upon 1D computational notebook design.

Our work shows users are interested in 2D computational notebooks’ potential. The ability

to easily compare results, show branching analyses, and present non-linear narrative struc-

tures in a semantic way seemed valuable to our participants. Participants’ layouts were about

evenly split between three strategies: primarily linear, multi-column, and workboard strate-

gies. The workboard strategy included directed graph layouts and complex nesting of other

strategies. Approximately half of the participants also made use of additional annotation

features, such as arrows, labels, and boxing.

However, 2D computational notebooks have design challenges. Adding another dimension

may complicate navigation. If 2D computational notebooks are to succeed, effectively aiding

navigation is key. In addition, the increased complexity brought by organizing cell layout

in 2D means layout aids such as templates may help minimize added cognitive load during

analysis. Still, 2D computational notebooks could provide a potent ‘space to think’ for data

scientists.



Chapter 5

Design and Evaluation of 2D Jupyter

Notebooks with the Multi-Column

Organizational Pattern

Figure 5.1: Finding & Comparing Results 2D Notebook from Study 1

5.1 Introduction

Computational notebooks like Jupyter [30, 38], used to construct and present computational

narratives [55, 62, 66], struggle with non-linear analyses, such as comparative analyses, and

62
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Figure 5.2: Notebook Controls for 2D Jupyter extension

non-linear narratives [22, 62], as well as navigating longer notebooks [22], preventing and

managing messiness [15, 25, 32, 45, 47, 62], and efficiently using large display spaces [22]. We

suggest that part of the reason for these issues is the current 1D, top-to-bottom organization

of notebook cells.

Weinman et al.’s work on Fork-It [75] showed 2D space can be helpful; they introduced

forking, the temporary creation of split columns in an otherwise 1D notebook. While this

work helps non-linear analyses, it does not easily accommodate non-linear narratives, which

may benefit from a persistent multiple column approach. Wang, Dai, and Edwards [73]

also sought to shift computational notebooks from the current 1D structure with Stickyland,

which allows users to “stick” cells to a dock that is persistently at the top of the computational

notebook interface even when scrolling. Harden et al. [22] explored how users would arrange

cells in 2D and found three different patterns: linear (with either split cells or split columns),

multi-column, and workboard. This work demonstrated alternative organizations of cells,

some of which would not be possible in the prior works mentioned; it also suggests that

computational notebook users could benefit from 2D space usage for organizing notebook

cells in a more flexible yet persistent manner.

This paper contributes to computational notebook research through evaluations of a 2D lay-

out extension for computational notebooks. We focused on the following research questions:

1. When comparing 1D and 2D layouts, which mode supports more efficient user comple-
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ORGANIZATIONAL PATTERN

tion of data science tasks, such as information retrieval, results comparison, parameter

tuning, and code comparison?

2. What strengths & weaknesses might 2D have compared to 1D?

3. Would users find 2D layouts more usable than 1D layouts?

4. Would users prefer to use 2D for computational notebook cells?

To answer these questions, we designed a Jupyter Notebook extension that enables a 2D

multi-column cell layout. We then conducted two user studies using this extension where

users performed a series of tasks in both 1D and 2D layouts, followed by qualitative data

gathering through surveys and, in the second study, interviews. The first study used pre-

made notebooks to evaluate whether the extension enhances performance and usability,

while the second study focused on creation of a 2D notebook from scratch for a data science

task. We found 2D layouts provided more efficient user task performance and enhanced

usability over 1D layouts. Users overwhelmingly preferred the 2D notebooks, and made

use of available display space to organize notebooks such that more cells are simultaneously

visible. We also noted some design challenges for 2D layouts, including managing column

width in a multi-column layout.

5.2 Background and Related Works

This work builds on two key areas of research: computational notebooks and Space to Think.
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5.2.1 Computational Notebooks

Computational notebooks support incremental and iterative analysis [31, 62] and computa-

tional narrative formation through interleaving code, visualizations, and text[54, 62]. How-

ever, computational notebook users face various issues and pain points [11], such as messiness

[25, 34, 47, 62], dealing with non-linear analyses and narratives [62], and navigating longer

notebooks [22]. These issues may be exacerbated by the current 1D structure of computa-

tional notebooks.

Head et al. [25] showed messiness can come from disorder, deletion, and dispersal, where

disorder means run order and presentation order are different, deletion means overwriting

or deleting necessary code, and dispersal means related cells are far apart. Many tools have

been developed to help deal with messiness, from Head et al.’s work [25], to cell dependency

graph visualization [76] to version control systems for computational notebooks [32, 33].

The 1D structure may exacerbate messiness given the looping nature of sensemaking in

computational notebooks [57, 59], so 2D space usage may help minimize it.

Scrolling through a long notebook can be tedious and negatively affect various tasks like de-

bugging and cleaning. While Google Colaboratory [20] enables jumping to different sections

through a table of contents, the 1D structure can still result in tedious scrolling.

Exploration of 2D space usage by Weinman et al. [75] and Harden et al. [22] produced posi-

tive responses. Within the bounded 2D of Fork-It [75], users did more than just comparative

analyses; they used the split column structure to organize code and contain messes. Harden

et al.’s [22] findings corroborate these potential use cases.
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Computational Notebooks and Reproducible Science

Reproducible research is an important and challenging issue for any scientific endeavor, and

research in HCI and computer science is no different [5, 12, 16]. At their best, computa-

tional notebooks and the computational narratives formed using them enable reproducible

scientific workflows [4, 38, 63]; the ability to interleave documentation with code and results

contributes to this potential. However, computational notebooks in the wild are rarely re-

producible [56]; issues such as messiness [25], out-of-order execution [56], and dependency

issues contribute to the pain of trying to reproduce computational notebook findings [11].

Indeed, less than 5% of notebooks studied by Pimentel et al. [56] were reproduced with the

same results. Work to address issues with reproducibility, such as Osiris by Wang et al. [72],

has helped; while our work does not directly focus on reproducibility, its ability to enable

expanded use of space may indirectly help alleviate issues affecting reproducibility.

5.2.2 Space to Think

Andrews et al. [2] found large, high-resolution displays benefit sensemaking in 2 key ways

through what they called “Space to Think”: external memory and semantic encoding. Ex-

ternal memory means more information can be stored on screen space instead of in one’s

mind, which allows physical navigation, like moving one’s head, to replace virtual naviga-

tion, like scrolling or changing tabs. Semantic encoding means users can group related items

spatially based on their mental model of the connection between items; in short, users can

externalize their understanding onto the screen. Recent studies [13, 43, 44] have expanded

this concept to the space provided by virtual and augmented reality or cited Space to Think

as an influence on their design [53, 60, 61]. Kirshenbaum et al. [37] found Space to Think

can also benefit collaborative meetings.
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Current computational notebook systems with their 1D structures do not adequately use

Space to Think without clumsy workarounds like opening the same notebook multiple times

and arranging side-by-side. 2D space usage may enable Space to Think in data science

tasks[22]. To this end, some recent tools, such as VisSnippets [9], Einblick [28, 65], Co-

Calc [29, 50, 70], and Code Bubbles [8], have begun to explore 2D layouts of cells using a

whiteboard metaphor.

5.3 Design of 2D Jupyter Notebook Extension

Harden et al. [22] found two main categories of 2D layouts for computational notebooks

based on user-generated layouts: multi-column and workboard, both of which are supported

by the 2D Jupyter extension we developed and evaluated; the extension and supplemen-

tal materials for this paper can be found at https://github.com/infovis-vt/2D-Jupyter on

GitHub. Multi-column is fully supported. Workboard, or more complex structures such as

directed graphs and nested columns and rows, is enabled by freeform dragging of cells. Given

that the multi-column pattern in Harden et al. [22] was consistent across all its constructions

and frequently constructed (32% of all participants), in addition to being part of several of

the grouped combinations workboard sub-pattern, it makes sense to focus on enabling and

evaluating the multi-column pattern first.

To support multi-column layouts, 2D Jupyter enables creation and deletion of columns,

resizing and re-ordering of columns, adding cells to a column, and moving cells from one

column to another; This is done through user interface (UI) additions, as seen in Figure 5.2.

The Plus and Minus buttons on the main toolbar create and delete individual columns

respectively. Also, each column now has a toolbar at its top; The bold Plus button here

adds a cell to the column, the left and right arrows reorders the column in the arrow direction,
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and the gray box can be clicked and dragged to resize a column. In addition, cells can be

dragged to another column by clicking and holding the new gray box on each cell’s left side.

Finally, the Run All functionality is preserved in a top-down, left-to-right format; in other

words, the leftmost column’s cells are run in top-down order, followed by the cells in the

column immediately to the right, repeating until all cells are run.

To enable workboard layouts, each cell can be dragged and placed outside of the columns,

as seen in the freeform cell in Figure 5.2. More advanced workboard features, such as arrows

to connect cells or other whiteboard annotations are not yet implemented. In addition, cells

outside of columns are not run as part of the Run All functionality. For now, we suggest

using workboard freeform cells for more ephemeral uses such as scratch space, viewing data,

and other tasks not relevant to the final computational narrative.

5.4 Study 1 Methodology

The goal of our first study is to measure and compare user task performance in 1D and

2D notebooks. We therefore conducted a controlled study consisting of a pre-screening

questionnaire, a set of user performance tasks, and survey questions. The study design had

one within-subjects variable, layout with two treatments, 1D and 2D; and one between-

subjects variable, order with two treatments, 1D-first and 2D-first. The user tasks

focused on research question 1; participants completed three task sections in both 1D and

2D. For the surveys, we focused on research questions 2-4.
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5.4.1 Recruitment and Screening

89 potential participants, recruited via academic listservs of students and faculty from a

large state university, responded to an online screening questionnaire asking whether they

had experience with both Python and computational notebooks such as Jupyter. 62 po-

tential participants passed the screening due to having experience with both Python and

computational notebooks and were notified that they could take part in the study. Of these

62, 31 chose to take part in the study. We discarded 1 of these 31 participants’ data due to

technical issues that arose during the study, leaving 30 participants. 15 of these participants

were assigned to 1D-First, while the other 15 were assigned to 2D-First. Participants were

randomly assigned to a group, with the only restriction being balancing the group numbers

so that they were as equal as possible.

5.4.2 Hardware for User Study

For the user study tasks, participants used an iMac computer with a 24-inch monitor and

either an iMac mouse with a built-in trackpad for horizontal and vertical scrolling, or an

external trackpad with horizontal and vertical scrolling that also had buttons for clicking.

The monitor was wide enough to display 4 to 5 columns of the notebook at a time.

5.4.3 Task Designs and Rationales

The tasks were designed to mimic common data science scenarios performed in computational

notebooks. We created 6 computational notebooks (3 1D, 3 2D) for this study; the 2D

notebooks used the multi-column pattern due to it being the most common, consistent

pattern seen in Harden et al. [22] as mentioned in Section 3 and being fully supported by
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our extension. Each notebook was designed for one of three task sets: Finding & Comparing

Results, Parameter Tuning, and Code Comparison. Each layout (1D, 2D) and task set combo

had one notebook, and each task set’s notebooks were slightly different so participants could

not memorize answers between layouts. However, the differences were designed to not impact

difficulty between the tasks in 1D and 2D. Users had the notebooks open, one at a time,

on the iMac, while the user study survey, with questions and instructions, was open on a

separate laptop. Users were allowed to use any existing functionalities, such as searching for

information using Control + F; we did not suggest such methods unless a participant asked.

To compare 1D vs. 2D, we measured the time it took a participant to answer the survey

question and press the “Next” button on the survey as time to completion, and accuracy for

all tasks was a count of correct answers; we also measured the number of times and amount

of time spent scrolling for the code comparison task. 16 participants started with the 1D

notebooks first, and 15 participants started with 2D first; This design, along with training in

the first notebook layout type for each person, helped counterbalance the study to minimize

bias from repeated tasks. One 1D First participant’s data was discarded due to technical

issues. Each participant took at most 1 hour to complete the study.

The 6 notebooks and a copy of the study session survey can be found at https://github.com/infovis-

vt/2D-Jupyter on GitHub.

Finding and Comparing Results Task

Harden et al. [22] found that users expected finding and comparing tasks to be better in 2D

layouts than in 1D layouts. Thus, this task set sought to measure statistically whether such

a benefit exists.

The notebooks for this task set contained COVID-19 data analysis for the USA by state
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and then for 5 individual states by county, as seen in Figure 5.1. Sections 1-3 of these

notebooks had cells for imports, function definitions, and data preparation, while Sections

4-9 had cells that analyzed and visualized results for each geographic region as a scatterplot

and 3 bar charts. In data science, such notebooks often result from copying-and-pasting

cells for parallel analyses of different data subsets. The 1D notebook design concatenated

these sections into a single long list of cells. In the 2D notebook, each of the 9 sections was

separated into its own column of cells, with columns arrange left to right. This notebook

design was based on common layout strategies previously observed by Harden et al. [22],

where a common strategy was to organize parallel analyses in side-by-side columns to enable

easy comparison.

For this task set, we included a find task, a graph comparison task, and a numerical com-

parison task. We did not allow participants to look over the notebook before beginning the

task set.

In the find task, participants had to locate info in the notebook based on the notebook

structure. The question was of the form “Which state’s analysis is found between the analysis

of STATE1 data and the analysis of STATE2 data?” We measured the time it took each

participant to retrieve the info in 1D vs. 2D notebook layouts. The hypothesis was that

spatial 2D columns would enable more rapid recognition and access to relevant notebook

sections.

In the graph comparison task, participants had to compare results in several different charts

throughout the notebook. The question was of the form “Out of those shown in the rele-

vant bar charts, which county in which state, EXCLUDING the ALL STATES section, had

the highest number for ATTRIBUTE of COVID-19?” We measured the time it took each

participant to compare charts in 1D vs. 2D notebook layouts. The hypotheses was that

2D column structure that aligned parallel analyses would enable faster comparison by hori-



72
CHAPTER 5. DESIGN AND EVALUATION OF 2D JUPYTER NOTEBOOKS WITH THE MULTI-COLUMN

ORGANIZATIONAL PATTERN

Figure 5.3: Parameter Tuning 2D Notebook

zontally scrolling through the corresponding charts, whereas the 1D notebook would require

significant vertical scrolling and searching for each chart to compare.

Similarly, in the numerical comparison task, participants were asked a question of the form

“Which section’s scatterplot graph’s line of best fit least/best fits the data (coefficient of

determination closest to 0/1)?” The coefficient of determination was displayed above each

scatterplot. We measured the time it took each participant to compare numerical results in

1D vs. 2D notebook layouts.

Parameter Tuning Task

A common problem in data science involves testing various parameter values for an ML

model. The notebooks for this task, as seen in Figure 5.3, contained K-Nearest Neighbors
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(KNN) algorithm used to analyze network stability data. Participants were instructed the

following: “You will be asked questions that require tuning the parameter ’k’ in Section 1

and choosing the distance metric in Section 4. Only run the necessary cells (the “k-value”

cell in Section 1, and the cells in Section 4) to test each possible parameter set (k-value

and distance metric).” In each notebook, the cell which assigns the k-value was in the first

section while the code for calculating the distances, making predictions, and determining

accuracy on the test set were in the fourth section; participants were not allowed to move

cells. Participants were asked three questions in the following order, with different k-value

options for 1D and 2D:

1. Which of the following k-values produces the most accurate model with the given

dataset for the Euclidean distance metric?

2. Which of the following k-values produces the most accurate model with the given

dataset for the Manhattan distance metric?

3. Given each distance metric with its optimal k-value, which distance metric produces

the most accurate model on the given dataset?

In data science endeavors, code near the beginning of a notebook can influence results later

on in the notebook; While it is possible to move such dispersed cells closer to each other, such

re-ordering is not always feasible depending on the design of the analysis. Thus, we sought

to simulate a situation in which one wants to retain the given order while continuing their

analysis. The goal here is to see if 2D notebooks, with a layout where each section has its own

column, can minimize the effects of dispersal [25] by making cells that are far apart in a 1D

layout effectively closer on the screen in a 2D layout and lead to performance improvements.

Thus, we measured how long it took participants to answer all three questions together.
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Code Comparison Task

Data scientists often need to compare the code for multiple versions of a model to understand

differences. The notebooks for this task, as seen in the right image in Figure 5.4, contained

two runs of a K-Nearest Neighbors ML algorithm with several code differences between

them. Participants had to choose which items from the list of options, ordered in terms

of appearance, differed between each run. The 2D notebook organized the two runs into

adjacent columns. The list of differences included items such as the following:

1. The cutoff number for the training and testing splits

2. Different distance metrics (Manhattan, Euclidean) used

3. The variable name for the distance matrix

4. The value of k (number of nearest neighbors)

The goal of this task was to test how quickly users can find differences between two similar

sets of code, which often happens when debugging model errors. Given that Harden et al.

[22] found significant skepticism about the potential of 2D notebook layouts for debugging,

it makes sense to test this important debugging sub-task.

5.4.4 Survey Questions Design

Likert-scale questions were used at the end of both the 1D and 2D task sections, and after

both sections were completed. The 5 questions at the end of the 1D and 2D task sections

focused on rating each layout individually, without comparison to the other, while the 13

questions at the end focused on comparing 1D and 2D layouts; these 13 questions were
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largely taken from Harden et al.’s experiment [22]. After the 13 questions was a comment

box where users could elaborate on any answers they gave.

The questions after each of the 1D and 2D task sections focused on perceptions of usability

for the layout on the given tasks; We compared their answers between layouts to better

understand whether users saw potential improvements in 2D layouts over 1D layouts.

5.4.5 Data Analysis Process

We divided the quantitative data analysis for Study 1 into 3 areas: Efficiency Measurements,

Survey Questions, and Scrolling Time.

Efficiency Measurements

We started our analysis of efficiency using 2-Factor ANOVA. However, due to comple-

tion time being log-normally distributed and thus violating the assumption of normality

for ANOVA, we also used the Scheirer-Ray-Hare Test [64], a non-parametric alternative to

2-Factor ANOVA and extension of the Kruskal-Wallis Test [42], to test if layout (1D or 2D),

as well as order (1D First, 2D First) and interaction between layout and order, affected time

to completion; significant results were followed up with calculations of the differences be-

tween the means and medians of the 1D and 2D layouts to determine whether the 2D layout

resulted in more efficient performance and to calculate average time saved as a percentage.

R [26] and the packages RCompanion [48] and FSA [52] were the main tools in this analysis.

Accuracy was measured by counting the number of questions answered correctly in each lay-

out by all participants and then dividing by the multiplication of the number of participants

and the number of questions.
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Survey Questions

For the Post-1D and Post-2D questions, we created and analyzed a bar chart of average rating

by order and layout, and a heatmap of ratings. We also tested the statistical significance of

the differences in ratings using a paired t-test and the Wilcoxon test, inspired by work by

De Winter and Doduo on analyzing Likert-Scale questions [14]. For the Post-Experiment

questions, we made and analyzed a heatmap of ratings. The qualitative comments were

analyzed for themes using open coding by the first author. After the initial pass, feedback

from the other authors was sought on the themes and used to refine them. Then, a second

pass was made with all quotes grouped into themes.

Scrolling Time

To determine the amount of scrolling done in 1D vs 2D, we recorded scrolling events, in-

cluding the time taken to scroll, while watching the footage for each participant’s Code

Comparison task work in 1D and 2D. We limited events to scrolls for navigation as opposed

to micro-scrolling events that do not bring new cells into view; we did this by only consider-

ing those scrolling events that lasted for at least 2 seconds. To determine scrolling endpoints,

we looked for breaks between scrolls lasting at least 2 seconds; scrolling events with smaller

breaks than 2 seconds were considered as 1 event for the purpose of this analysis.

5.5 Study 1 Results

We divide our results into 4 areas: User Interaction Strategies, Efficiency Measurements,

Survey Questions, and Scrolling Time.
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5.5.1 User Interaction Strategies

Our observations of user behaviors with the 1D and 2D layouts, divided by task notebook,

are summarized here.

Finding and Comparing Results Task

In 1D, all users started by scrolling down through the notebook to answer the Find ques-

tion (which state’s section was between two other states’ sections) until they found the

answer. Then, they scrolled through Sections 5 through 9 to answer the graphical Compar-

ison question (which county in which state had the highest value for a particular variable)

and compared the bar chart results and axes, which was sufficient to find the highest value.

Some users, because they forgot a previous value or wanted to verify their memory, would

scroll back to earlier results, sometimes multiple times, before submitting an answer. A

couple users took notes on paper to avoid this issue. For the numerical comparison question,

users repeated the process for first Comparison question with Sections 4 through 9.

In 2D, all users started by scrolling to the right to answer the Find question. Since the

columns for the relevant sections (4-9) were fairly well aligned, as seen in Figure 5.1, this

mitigated the need to perform vertical scrolling except for between questions. Users scrolled

less distance in 2D due to more efficient use of space with 1 column representing 1 section.

Then, to answer the 2 Comparison questions, all users used physical navigation (e.g. head

movement) with less scrolling needed, since the screen could show 4 columns. The efficient,

well-organized use of 2D also led users to perform less backtracking, if any, and eliminated

the need to take notes on paper.
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Parameter Tuning Task

In 1D, all users repeatedly scrolled up and down to get results for different parameter com-

binations (k-value and distance metric). Sometimes users scrolled past the cells they were

looking for and thus did additional scrolling to correct their focus. All users took notes on

paper so they could remember and compare results.

In 2D, much smaller scrolls were needed to get from the first column, where the main

parameter was, and the fourth column, where results were calculated. Given the much

smaller scrolling distance, scrolls were quicker and did not result in scrolling too far nearly

as often. All users also took notes on paper with 2D, as well.

Code Comparison Task

In 1D, all users scrolled up and down to find code differences in the two different analyses;

users examined the code in a cell in the first analysis, then scrolled down to examine the

code in the corresponding cell in the second analysis before scrolling back up again to look

at the next cell. This process was repeated until all potential differences were checked for.

Since users were given a list of potential differences in order of appearance, they knew what

to look for; this could have resulted in less forgetting (and thus less re-scrolling) than might

otherwise happen.

In 2D, the two analyses were nearly horizontally aligned, so all users used physical navigation

to find differences instead of virtual navigation; scrolling was used to go further into the

notebook rather than to spot differences. As expected, in 2D users scrolled much less than

they did in 1D due to the use of physical navigation and externalized memory on the screen.
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5.5.2 Efficiency Measurements

Table 5.1: P-values for Scheirer-Ray-Hare by Task and Effect

Task Order Layout Interaction Mean Median
Find 0.137 0.054 0.594 N/A N/A

Graph Comparison 0.255 4.2e-5 0.131 32% 45%
Number Comparison 0.559 5.8e-6 0.156 46% 34%

Parameter Tuning 0.779 0.003 0.487 19% 23%
Code Comparison 0.882 3.5e-4 4.6e-4 34% 33%

Bolded values are statistically significant with a 0.05 threshold. All other values are not
statistically significant.

As seen in Table 5.1 and summarized in Figure 5.6, we found the layout (1D or 2D) was

statistically significant for all tasks except the find task in both 2-Factor ANOVA and in the

Scheirer-Ray-Hare. The lack of significance for the find task may be due to it being a “cold

find”, one without prior knowledge of the notebook, which fails to make use of the benefits

of Space to Think. The interaction between layout and order (1D First or 2D First) was

significant for the code comparison task.

Analysis of mean and median differences showed the 2D layout resulted in statistically sig-

nificant improvements to efficiency, summarized in Table 5.1; these improvements ranged

from about 20-50% time reduction. These results likely reflect faster navigation of numerous

code cells during the data science tasks when the cells are organized into columns.

Accuracy Measurements

The accuracy for 2D and 1D, measured in the number of correct answers given across all

participants, was similar for 1D and 2D. 96% of questions in 1D were answered correctly,

compared to 98% of questions in 2D.
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5.5.3 Survey Questions

We divide the survey question results into 3 areas: Post-1D & Post-2D Questions, Post-Tasks

Questions, and Qualitative Comments.

Table 5.2: Post-2D minus Post-1D Average Differences in Rating

Question Mean Median
Easy to Navigate 1.87 2.00
Quickly Find Info 1.80 2.00

Easy to Compare Graphs 2.87 3.00
Easy to Compare Numbers 2.83 3.00

Easy to Compare Code 3.57 4.00
Bolded values are statistically significant with a 0.05 threshold for both paired t-test and

Wilcoxon. Positive values indicate 2D is considered better.

Post-1D and Post-2D Questions

As seen in the bar chart in Figure 5.7, the heatmap in Figure 5.5 and the results of Table 5.2,

the user impressions of the usability of 2D layouts were significantly more positive than the

1D layouts on all metrics. Users rated 2D approximately 2-4 points higher (on a 7-point

likert scale) than 1D on each metric. Users were nearly unanimously positive in rating 2D,

and more evenly divided between positive and negative for 1D. Two participants gave the

three negative ratings for 2D in Figure 5.5; one saw clutter in 2D notebooks as a potential

issue, and the other felt the 2D notebooks could be improved by snapping cells next to each

to ensure proper alignment of related cells.

Interestingly, as seen in Figure 5.7, participants exposed to 2D before 1D rated the usability

of 1D as significantly worse for the usability questions asked. Thus, exposure to the 2D

layout makes the 1D layout seem less usable.
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Post-Experiment Questions

As seen in the Figure 5.8 heatmap, when explicitly asked to compare their experiences with

the two layouts, participants overwhelmingly viewed 2D as more effective for common data

science tasks, especially comparisons, and felt the 2D layout improved their performance.

They also agreed that 2D made better use of screen space, and that this was key to their

success. Furthermore, most participants seemed interested in using 2D layouts instead of 1D

layouts, with only one participant expressing neutrality.

One curious result is that participants expressed skepticism about 2D layouts being better for

presenting computational narratives and collaborating with others. Harden et al. [22] found

the opposite; debugging, analysis and development, and navigation were seen as weaknesses

of 2D layouts, while presentation and collaboration were seen as strengths. This difference

may be due to the tasks that users performed in each study; presentation was key for Harden

et al. [22], whereas debugging and comparison were key in this study.

Qualitative Comments

Of the 27 participants who left a qualitative comment on the survey, 20 expressed positivity

about the 2D multi-column layout, while only 2 expressed that they might still prefer 1D

notebooks for any task. 2 participants went so far as to express sentiments suggesting that

the multi-column 2D layout makes 1D obsolete. 6 participants also left thoughtful feedback

that may inform design of future 2D computational notebooks. Several comments pointed

out the link between memory and navigation, that more time scrolling in 1D led to more

forgetting important information for the task. The results are summarized in Table 5.3 with

all of the themes found, a sample quote for each sub-theme, and the number of comments

matching the theme.
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5.5.4 Scrolling Time

For the code comparison task, we found participants scrolled more times and spent more

time scrolling in 1D, as seen in Table 5.4; the average scroll event in 1D tended to be

longer than those in 2D, as well. Given differences in typical user interactions described

earlier, specifically the elimination of the need to scroll and reduction of scrolling distances

for comparison, it makes sense that the 2D layout would have much less scrolling time

and events for the Code Comparison task. This confirms that reducing scroll navigation

is an important factor in enabling the faster performance results of 2D. This may be due

to multi-columns bringing cells nearer to each other and fitting more cells on the screen

simultaneously.

5.6 Discussion

We divide our discussion into the following categories: task efficiency benefits, usability

benefits, effects of hardware, design challenges and opportunities, and limitations of our

work.

5.6.1 Task Efficiency Benefits

The multi-column 2D computational notebook layout provides benefits to task efficiency by

reducing the amount of scrolling necessary and shortening the length of needed scrolls. As

seen in Study 1, the multi-column layout provided statistically significant reductions in time

to completion overall. Given how much less scrolling was done in terms of total scrolling

time, number of scrolling events, and average scrolling time in the multi-column layout,

per Study 1’s Scrolling Time analysis, combined with the time to completion results, the
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multi-column layout clearly provide benefits to efficiency.

The reduced scrolling is a result of 2D’s ability to bring more cells nearer to each other.

Theoretically, 2D can reduce distances by the square root of 1D distances. Practically,

2D enables non-linear code structures, such as parallel analyses, to be horizontally aligned

in columns, thus supporting common data-science tasks such as comparison. 2D enabled

more such relationships to be encoded into the space. In contrast, 1D encodes only a single

ordering, and would require complex refactoring tools to enable various types of parallel

analyses and comparisons.

5.6.2 Usability Benefits

The multi-column layout appear more usable for certain basic and more complex tasks.

Based on the results from Study 1 as seen in Figures 5.5 and 5.8, navigating and finding

information, comparing results, and data science tasks such as organizing and cleaning may

be easier in a multi-column notebook. This may be due to more effective use of screen

space to display more information at once in an organized manner, along with more efficient

scrolling options.

5.6.3 Design Challenges & Opportunities

While multi-column 2D computational notebooks may provide efficiency and usability ben-

efits, especially with the right setup, there is still room for improvement on their design,

especially as it relates to managing column width and navigating the notebook.

Column width in the multi-column design pattern may impact user experience; if the columns

are too wide, fewer columns will fit on the screen, but if the columns are too narrow, visuals
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may become too small to easily read and the screen may feel cluttered, potentially leading

to confusions that affect performance. Thus, managing column width becomes an important

factor; this is currently doable in 2D Jupyter through manual resizing of columns. Still, it

may be beneficial to provide functionality that resizes columns to an ideal width through a

quick interaction, such as is done in spreadsheets.

Additional navigation options tailored to different 2D layouts may also benefit users. Nav-

igating 1D computational notebooks with arrow keys can be quicker than navigating with

manual scrolls, and the same may apply to 2D computational notebooks; the challenge is

whether and how to incorporate the left and right arrow keys (or even diagonals) to quickly

navigate. One option is to borrow the grid metaphor and have each arrow key move to the

adjacent cell in the direction of the key. Making individual columns independently scrollable

may also benefit navigation, especially when working on smaller screens. This would allow

longer columns to be scrolled without impacting the view of shorter columns.

5.6.4 Limitations

Our work has some limitations, especially as it concerns bugs in our extension and lack of

sufficient support for 2D organizational patterns other than multi-column at the time of the

studies.

Bugs in Extension

At the time of conducting both studies, the 2D Jupyter extension contained some bugs that

could affect user experience. In particular, the drag and drop feature occasionally did not

allow the user to release the cell at an intended location, forcing the user to reload the

page. Additionally, the layout of the 2D environment was sometimes not properly saved
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between kernel sessions, requiring the user to reorganize their notebook before resuming

work; the extension required users to manually save their work as the autosave feature built

into Jupyter Notebooks did not work with the extension. These bugs did not affect Study 1

except for contributing to the technical issues that led to discarding one participant’s data.

2D Layouts other than Multi-Column

Given that both studies used an extension which does not, at the time of this writing, fully

support 2D layouts other than multi-column, care must be taken in assigning benefits to

other 2D layouts. Some of the advantages of the multi-column layout may be due to how

compact it is; less compact 2D layouts might not see the same level of benefits in some areas,

like reduced scrolling and task efficiency, without specialized navigational tools. Evaluating

other 2D layouts is a subject for future work.

5.7 Conclusion

Computational notebooks are a potent tool for creating and presenting computational narra-

tives; the 1D layout of notebooks, while elegant in its simplicity, imposes certain limitations

that make comparative analyses and navigating longer non-linear notebooks, among other

tasks, more difficult. Thus, we developed an extension and evaluated the potential of 2D for

computational notebooks, starting with the multi-column layout enabled in our 2D Jupyter

extension.

The multi-column 2D layout provides benefits in efficiency and usability for common data

science tasks such as comparative analyses by enabling greater physical navigation, thus min-

imizing the scope and need for virtual navigation (scrolling). In addition, the multi-column
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layout provides an effective sectioning mechanism that may help combat messiness along

with providing more efficient navigation. While our conclusions are limited to the multi-

column layout, 2D layouts may improve upon the current state of computational notebooks

and provide a novel way to enhance the creation and presentation of non-linear computa-

tional narratives through enabling Space to Think.
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Figure 5.4: Code Comparison 2D Notebook Clip
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Figure 5.5: A heatmap comparing the ratings for the Post-1D and Post-2D questions.

Figure 5.6: A bar chart showing average time to completion by task and layout in seconds.
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Figure 5.7: A bar chart comparing the mean ratings for the Post-1D and Post-2D questions;
positive values indicate agreement with the sentiment, while negative values indicate dis-
agreement.

Figure 5.8: A heatmap visualizing the ratings for the Post-Tasks questions.
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Table 5.3: Qualitative Themes in Study 1 Survey

Theme Sample Quote Count
Positive Comments on 2D 20
Better Comparison
in 2D

“[2D] seems like a solid choice for a lot of analysis applications
where you want to do similar but slightly different processes and
compare the results.”

7

Better Navigation
in 2D

“It was more intuitive and easier to compare side-by-side sections
compared to having to scroll so much. I spent so much time
scrolling in [1D] that I forgot what I had looked at previously.”

6

Practice with 2D
Would Help Im-
prove Performance

“This was my first experience with 2D notebooks after extensive
use of 1D notebooks, so the advantages would be compounded
given more time to familiarize myself.”

3

2D is Better Than
1D

“There is no reason anybody should be using 1D anymore.” 2

Other “We always have to run multiple iteration with different param-
eter to calculate results and so 2D makes it very easy to see our
progress in the notebook and also can be easily inferred.”

2

Thoughtful Feedback on 2D 6
Column Width &
Amount

“Putting too many columns in one screen caused [confusion] and
potentially [increased scrolling].”

2

Arrow Key Naviga-
tion

“I found the 2D notebooks were more quick to navigate, but it
was easier to navigate the 1D notebook using keys rather than
the mouse, which might have been a little bit faster.”

1

Cluttering Screen
Space

“I believe one of the only things I might do in a 2D notebook
that wouldn’t be as easy would be displaying some visuals, as
the layout would make them smaller, along with the text. Also
having two visuals right next to each other might be seen as
cluttered.”

1

Use with Lower
Resolutions

“The 2D notebooks were definitely easier to use, but for some
tasks/cases (such as presenting on a [low-resolution monitor],
or collaborating with... a low-resolution monitor) that might
change.”

1

Setup Time “The only downside I could see is it taking slightly more time to
initially set up...”

1

Skepticism about 2D 2
Presentation Skep-
ticism

“[1D] looks more clean if you were to present something to an-
other person.”

1

Debugging & Dev
Skepticism

“For development and collaboration the linear 1d notebook
would be easier to debug.”

1
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Table 5.4: Scroll Event Analysis Totals Across All Participants

Measure 1D Layout 2D Layout
Sum of Scroll Event Times 2071 seconds 561 seconds

Count of Scroll Events 410 events 195 events
Mean Time per Scroll Event 5.05 seconds 2.88 seconds

Median Time per Scroll Event 4 seconds 2 seconds



Chapter 6

Exploring the Potential of 2D

Freeform Computational Notebooks

with SAGECells

6.1 Introduction

Computational notebooks like Jupyter [30, 38] are popular tools for data science and analysis

due to their ability to construct and present computational narratives [55, 62, 66]. However,

their one-dimensional (1D), top-down organization of code cells impedes users’ ability to

effectively deal with nonlinear patterns in analysis and narrative [22, 62] and make the most

of larger widescreen displays [22, 23], and may exacerbate other issues like messiness [15, 25,

32, 45, 47, 62]. One common pattern of nonlinearity in the iterative and exploratory work of

data science is that which we call “Branching Code Paths”, or semantically parallel sections

of code; this can happen, for example, when a user copies and pastes (or overwrites) code

with minor tweaks to see how performance changes, or when a user compares performance of

several different machine learning (ML) algorithms on a single dataset. This pattern serves

as context for our study.

Recent works have explored the design space for organizing computational notebook code

92
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cells in two dimensions (2D) [22] and evaluated the use of simple, rigid organizational pattern

for such cells [23, 73, 75]. Software like Einblick.ai [17, 19] and now Observable HQ with

canvases [6] are moving away from rigid structures. However, the authors are unaware of any

works evaluating a nonlinear 2D computational notebook where the user imposes structure

rather than the software. Such a “freeform” nonlinear 2D notebook could potentially provide

similar, if not greater, benefits to users as a rigid nonlinear 2D notebook. This work serves

as a starting point for exploring the potential of such freeform nonlinear notebooks.

This paper contributes to research on the usability of computational notebooks through a

brief design and thorough evaluation of a freeform 2D computational notebook interface,

SAGECells, within SAGE3 [68, 69]. We focused on the following research questions:

• RQ1: When comparing linear and nonlinear strategies for code cells, which supports

more efficient and accurate coding and comparison for Branching Code Paths?

• RQ2: What strategies do users utilize in 1D and 2D notebooks to deal with Branching

Code Paths?

• RQ3: How do users organize cells in a freeform 2D notebook to deal with Branching

Code Paths?

• RQ4: Are freeform 2D computational notebooks preferred over 1D computational

notebooks, and why?

To answer these questions, we designed and implemented SAGECells, an application in

SAGE3 [68] that can be freely organized. We conducted a user study using Jupyter Note-

books and SAGECells in SAGE3, followed by qualitative data gathering through surveys.

We found SAGECells increase efficiency over Jupyter Notebooks when revisiting an analy-

sis, and are similar in setting up and running an initial analysis. Users generally preferred
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SAGECells over Jupyter Notebooks, and most made use of available display space with

SAGECells. We also noted some design challenges for freeform 2D notebooks.

6.2 Overview of SAGECells in SAGE3

SAGECells are an application developed for SAGE3 [68, 69], an online canvas (or whiteboard)

software for collaborative data science, that act as computational notebook cells. SAGECells

can be moved and resized on the canvas and have its font size changed. SAGECells rely

on language kernels (e.g. Python), managed by the SAGE3 Kernel Dashboard, with a

JupyterLab backend; users can create several kernels and choose which kernel to run a

SAGECell on at anytime using an application menu. Furthermore, multiple SAGECells, in

the form of a single row or column, can be run in order by selecting them via a click-and-drag

maneuver. This is done via a simple algorithm that detects whether the overall shape of the

SAGECell selection is wide or tall; if it is wide, then it runs the SAGECells left-to-right,

while if it is tall, it runs the SAGECells from top-to-bottom. In addition, a single SAGECell

or a selection of SAGECells can be duplicated (code and output) into new SAGECells to

the right of the SAGECell or a selection of them.

Some additional features of SAGECells that we did not focus on in this study include the

following:

• Users can drag image output from SAGECells onto the board for storage.

• Users can download the SAGECell code as a Python script file.

• Users can upload Python script files to SAGE3 and drag them onto the board as

SAGECells.
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Figure 6.1: SAGECell Application containing the code section, the output section, the kernel
and font size selection, and the execution control on the side.

6.3 Study Methodology

We ran a controlled study with a pre-screening questionnaire, two user study sessions in 1D

(Jupyter) and freeform 2D (SAGECells) respectively, and a post-study survey. We compared

performance and usability of the two different environments (1D, 2D) while also considering

user strategies, and we included counterbalancing; about half the participants did 1D First

and the others did 2D First.

6.3.1 Recruitment and Screening

We recruited 65 potential participants via academic listservs of students and faculty from

a large state university, who completed an online screening questionnaire which asked how

much experience they had with computational notebooks and Python. 52 had at least some

experience in both Python and computational notebooks and were thus informed they could

partake in the study. Of these 52, 19 took part in the study, with nine doing 1D First and
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10 doing 2D First. Participants were randomly assigned such that the groups were evenly

balanced.

Figure 6.2: Starting Layout for the 2D SAGECells condition; the top row is data pre-
processing and the column is the first branch.

6.3.2 Hardware for User Study

For the user study sessions, participants used an Alienware computer with a 28” high by 48”

wide monitor with a resolution of 3840x2160 pixels. The computer had a corded mouse and

keyboard. The monitor was wide enough to display six to eight columns of computational

notebook cells at a time.
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6.3.3 Task Design and Rationale

We designed the user study task to emulate a pattern of nonlinearity in data science, Branch-

ing Code Paths, that can cause or exacerbate user issues with standard 1D computational

notebooks. Branching Code Paths means having sections of code that are semantically par-

allel in nature, if not in potential run order; results of such sections are often compared

against each other. Two examples of this pattern are copying and pasting cells with minimal

modification of code for comparing performance on a task (e.g. hyperparameter tuning) and

testing various machine learning algorithms on one dataset.

We created two identical computational notebooks for this study, one in SAGE3 with SAGE-

Cells and one in a Jupyter Notebook. Each notebook had a hyperparameter tuning task with

a loan classification dataset using a decision tree where users would tune a combination of

criterion (Gini or Entropy) and max_depth; max_depth options were 2, 4, 6, 8, and 10 for

the 1D notebook and 3, 5, 7, 9, and 11 for the 2D notebook. In addition, we split the dataset

into two subsets; the 1D notebook used subset 1, and the 2D notebook used subset 2. We

added these differences to prevent memorization of past results being a viable strategy while

keeping the tasks practically identical. Other than that, participants could use whatever

strategy they wished to complete the task. Finally, the notebooks’ starting states included

data pre-processing and one branch of the hyperparameter tuning task done (Gini 2, Gini

3); participants did not need to interact with data pre-processing cells for this study. The

2D notebook’s starting layout, as seen in Figure 6.2, included a row and a column of cells

for demonstrating SAGECell features in SAGE3 as part of a brief training on the system.

To compare performance in 1D Jupyter Notebooks vs. 2D SAGECells in SAGE3, we mea-

sured the time it took to answer the survey questions for the task and press the “Next”

button on the survey as “Time to Completion.” Accuracy was measured in terms of whether
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the user selected all the right answers and whether the user selected any wrong answers.

Each participant took at most 1 hour and 15 minutes for each study session, with one study

session for the 1D Juypter Notebook and one for the 2D SAGECells in SAGE3.

Hyperparameter Tuning Task

A common task in data science is tuning the hyperparameters of a machine learning model

to maximize performance. The notebooks for this task used a Decision Tree algorithm to

classify loan applications, and involved two passes of this task. For the first or Initial Pass,

we instructed participants to code and compare the 10 branches using whatever strategy

they wanted, and we warned them that they would have to re-run their analysis later so as

to minimize the effects of repeated tasks between sessions on the participants. We designed

the first pass to see how participants would tackle Branching Code Paths and measure user

performance in each layout setting. Participants could use whatever strategies they wished,

such as move cells/change cell order, write new code (e.g. loops), duplicate cells, and more.

For the second or Revisit Pass, participants could use what they had already done to re-

run the analysis after the column the decision tree tended to split on first was dropped, or

they could adopt a new strategy. In both tasks, participants were asked to select the best

(highest) value for number of loans correctly approved, overall accuracy, precision for loans

approved, and F1-score for loans denied. We designed the second pass to emulate revisiting

an existing analysis with a changed dataset.

Branching Code Paths in Data Science

The task above is a simple example of Branching Code Paths; we chose it since we used a

population of convenience (college students) and wanted all participants to be able to com-



6.3. STUDY METHODOLOGY 99

plete the task with limited time. Still, this example could emulate more complex examples

of Branching Code Paths in how users approach such tasks and how they might organize

branches in 2D.

SAGECells with SAGE3 Training

Since participants had no experience using the 2D notebook, we provided 10 minutes of

training for participants to learn to navigate the notebook, run individual cells and groups

of cells, and duplicate cells. After training, users spent 5 to 10 minutes practicing with the

2D notebook and its features to become more comfortable with its interface and capabilities.

6.3.4 Survey Questions Design

We designed our surveys to evaluate user perceptions of the usability of 2D SAGECells in

SAGE3 versus 1D Jupyter Notebooks to answer RQ4. We divide our discussion of survey

questions into two areas: Session Surveys and Post-Study Survey.

Session Surveys

Both the 1D and 2D user study sessions had an accompanying survey with identical questions

except for the layout referenced. After each pass of the user study task, users were asked to

rate and explain their confidence level and explain the strategies they used. Finally, after

completing both passes, users answered Likert-scale questions about the usability of that

session’s layout in relation to navigation, quickly finding information, coding and comparing

Branching Code Paths, revisiting the analysis, and use of the large display.
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Post-Study Survey

This survey was designed to gather user perceptions of the usability of 1D and 2D compu-

tational notebooks. It starts with a 7-point Likert-scale matrix question on which notebook

type (1D or freeform 2D) participants would prefer to use for tasks such as navigation, deal-

ing with Branching Code Paths, and data exploration and preparation, rated from Strongly

Prefer 2D to Strongly Prefer 1D; following this is a 7-point Likert-scale matrix question with

6 statements participants rate from Strongly Agree to Strongly Disagree; 3 statements are

pro-1D and three statements are pro-2D, with each kind being interleaved in the statement

order. Participants could then elaborate on their answers to the first two Likert-scale matrix

questions before proceeding. Following this on a new page was a 7-point Likert-scale matrix

question on which notebook type (1D or 2D) participants would prefer to use for data science

and analysis projects of varying length and type, rated from Strongly Prefer 2D to Strongly

Prefer 1D. Participants could then elaborate on their answers to this matrix question. Next,

on the final page were three qualitative answer questions focusing on differences in strategies

for 1D and 2D notebooks, perceptions of the usefulness or uselessness of 2D notebooks, and

what features users would like to see added to SAGECells and SAGE3. The final question

gave participants an opportunity to share any last relevant thoughts.

6.3.5 Data Analysis Process

We divide the data analysis into three areas: Strategy Labeling, Performance and Usage

Metrics, and Survey Questions.
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Strategy Labeling

To help answer RQ1 and to answer RQ2, we first labeled whether each user used a nonlinear

or linear strategy with SAGECells in SAGE3 to complete the Initial Pass of the task; A

linear strategy organizes cells in such a way that is completely replicable in a 1D, top-down

notebook, whereas a nonlinear strategy makes use of more than one dimension in a way

that cannot be replicated in such a notebook. “Linear strategists” were filtered out of the

performance analysis after initial analysis. To determine whether a user’s strategy was linear

or nonlinear, we noted the following after the Initial Pass was complete:

1. We identified which cells the participant used to complete the task, which we call

relevant cells.

2. We checked if the relevant cells formed a single line (row, column, diagonal) or if there

was only one such cell.

• If true, we labeled the layout strategy as linear.

• If false, we labeled the layout strategy as nonlinear.

We focus on the Initial Pass because if a user switched to a nonlinear strategy in the Revisit

Pass, their work would resemble an initial pass rather than a revisit and reuse exercise as

intended in the study design. We also focus only on relevant cells to avoid classifying users

who dabbled briefly with a 2D layout strategy only to retreat to a more familiar 1D strategy

(e.g. loop in a single cell) as 2D. We did not require a 2D layout strategy so that we could

gauge approximately what percentage of users might not make use of 2D space, and how

those who made use of 2D space did so, to answer RQ3 and to compare this to Harden et

al.’s exploratory work [22]; the RQ3 analysis considered the final layout after the second

pass.



102
CHAPTER 6. EXPLORING THE POTENTIAL OF 2D FREEFORM COMPUTATIONAL NOTEBOOKS WITH

SAGECELLS

We labeled strategies used in 1D by users after their Initial Pass, to answer RQ2, into two

mutually-exclusive groups: Overwrite, and Looping. Overwrite users overwrote relevant

hyperparameters and re-ran code cells without adding functionally new code; Looping users

wrote loops to show multiple branches’ results in each loop code cell’s output. We also noted

whether users duplicated code into new cells. Finally, we tallied how many users took external

notes outside the analysis screen (e.g. on paper) for both 1D and 2D.

Performance Metrics

For Time to Completion, given that counterbalancing was done to minimize the effects of

order, and that completion time is generally not normally distributed (as noted in Harden et

al. [21]), we chose to use a non-parametric version of the Paired T-test called the Wilcoxon

Signed-Rank Test for Paired Samples.

For Accuracy, we ran a Paired T-test instead. If all the right answers were selected for a

question, the participant received one point, and if none of the wrong answers were selected,

the participant received one additional point, making two points possible per question for a

total of eight points per pass, or 16 points total per session (1D or 2D).

Excel with the Real Statistics Resource Pack [79] was used to quickly generate analyses of

the data.

Survey Questions

For the Post-1D and Post-2D questions, we created and analyzed a boxplot (see Fig. 6.8) of

the ratings by layout (1D or 2D). Like Harden et al. [21], we tested the statistical significance

of differences in ratings using a Paired T-test and the Wilcoxon test per De Winter’s and

Doduo’s work on Likert-scale analysis [14]; we then calculated mean and median differences
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Table 6.1: Strategies and Layouts Used in 2D Notebook

Item: Subgroup 1D First 2D First Total
2D Initial Pass: Linear Strategy 2 4 6

2D Initial Pass: Nonlinear Strategy 7 6 13
2D Duplication Feature: Used 7 7 14

2D Duplication Feature: Unused 2 3 5
2D Layout: Linear 2 4 6

2D Layout: Multi-Column 2 4 6
2D Layout: Grouped Combinations 5 2 7

for statistically significant results. For the Post-Study questions, we created and analyzed

heatmaps of ratings and analyzed qualitative answers for themes using open coding by the

first author. After the initial coding, the first author got feedback from other authors on

the themes to help refine them; the first author then recoded quotes and grouped all quotes

into the chosen themes.

6.4 Results

We divide our results into three areas: Strategies and Layouts Used, Performance Metrics,

and Survey Questions.

6.4.1 Strategies and Layouts Used

We divide results on strategies and layouts used into two sections: Strategies and Layouts

in 2D, and Strategies in 1D.
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Table 6.2: Strategies and Layouts Used in 1D Notebook

Item: Subgroup 1D First 2D First Total
1D Initial Pass: Overwrite Strategy 8 6 14

1D Initial Pass: Looping Strategy 1 4 5
1D Revisit Pass: Overwrite Strategy 7 6 13

1D Revisit Pass: Looping Strategy 2 4 6

Strategies and Layouts in 2D

As seen in Table 6.1, most participants (68%) used a nonlinear strategy and layout; these

participants all also used the duplication feature of SAGECells to quickly create layouts

that helped them compare the results of different branches, and one of them combined code

from the starting analysis cells into one cell before duplication. Review of layouts showed

these participants organized code cells into two main design patterns found by Harden et al.

[22]: Multi-Column, a single row of columns like in Fig. 6.3, and Grouped Combinations, a

nesting of rows and columns to create more complex structures like in Fig. 6.4. The Grouped

Combinations layouts avoided scrolling for the analysis task since they fit everything needed

onto the screen; the Multi-Column layouts required some scrolling. No users made a Directed

Graph layout, likely due to current limitations with SAGECells.

Figure 6.3: Example Multi-Column layout.

Of those who used a Linear Strategy, four used a single column, one used a single row, and
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Figure 6.4: Example Grouped Combinations layout.

one wrote a loop in one cell to show all outputs. In the second pass in 2D, one linear strategist

switched to using 2D space with a Grouped Combinations (nested rows and columns) layout,

while the remaining five stuck with a Linear layout [22] and strategy; this change is not

reflected in Table 6.1, as it focuses on the initial pass. Finally, it is worth noting that 2/3 of

the Linear Strategists started with 2D, which may suggest that some users may struggle to

decide how to use 2D space even after being trained.

Finally, about half of the users (9) took external notes with the 2D notebook environment.

Strategies in 1D

After the first pass in 1D using a Jupyter Notebook, we found that 14 of the 19 participants

used the Overwrite and Re-Run strategy, while the remaining five used the Looping strategy.

One of these participants created a custom function to generate all the outputs for each

branch given the paramaters and then ran 10 cells with the function, one for each branch.
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Table 6.3: Pre-Filtering Time to Completion Results

Value 1st Pass 2nd Pass Both Passes
1D Mean 919.21 504.84 1424.05
1D STD 317.98 208.48 506.84

2D Mean 1012.95 429.68 1442.63
2D STD 383.87 190.47 527.59

1-Tailed T Test p-value 0.211 0.093 0.455
1-Tailed Wilcoxon p-norm 0.266 0.089 0.476

Table 6.4: Post-Filtering Time to Completion Results

Value 1st Pass 2nd Pass Both Passes
1D Mean 909.08 480.00 1389.08
1D STD 221.40 157.14 349.75

2D Mean 874.15 338.31 1212.46
2D STD 279.76 125.62 376.34

1-Tailed T Test p-value 0.289 0.014 0.067
1-Tailed Wilcoxon p-norm 0.390 0.015 0.104

In the second pass in 1D, two of the Overwrite and Re-Run users switched to the Looping

strategy. Finally, most users (16) took external notes with the 1D Jupyter Notebook.

6.4.2 Performance Metrics

We divide results on performance metrics into two sections: Accuracy and Efficiency.

Efficiency

As seen in Table 6.3, when considering all participants regardless of strategy, there was not

a statistically significant difference in efficiency. After excluding participants who used a

Table 6.5: One-Tail Paired T-Test on Accuracy Results

Item 1D Mean 2D Mean p-value
Pre-Filtering 14.94 14.11 0.092

Post-Filtering 15.08 14.58 0.194
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Figure 6.5: Heatmap of Preferred Layout for Various Data Science Tasks.

Figure 6.6: Heatmap of Agreement Level with Statements (Pro-1D statements first and then
Pro-2D statements).

Figure 6.7: Heatmap of Preferred Layout for Various Data Science Project Types.
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linear strategy in 2D, we found that the mean time to completion for 2D was lower in the

first pass, second pass, and both passes combined, as seen in Table 6.4. However, only the

second pass had a statistically significant difference. The lack of significance for the first

pass may be due to time taken to duplicate and arrange code cells in 2D space, rather than

starting the analysis right away as in 1D.

Accuracy

As seen in Table 6.5, the accuracy was slightly lower on average in 2D in both pre- and post-

filtering, contrary to Harden et al.’s results from 2D Jupyter [23]; this was not statistically

significant in both cases, though. Still, this very slight drop in accuracy might suggest

increased cognitive load or some other challenge in 2D.

Figure 6.8: Boxplots of subjective usability measure results by layout (1D or 2D).



6.4. RESULTS 109

Table 6.6: Post-2D - Post-1D p-values and Differences

Item Paired T-Test Wilcoxon Mean Median
Navigation 0.607 0.593 - -

Quickly Find Info 0.285 0.334 - -
Coding Branches 0.097 0.098 - -

Comparing Branches 0.008 0.013 1.421 1.000
Revisit and Relearn 0.039 0.045 0.789 0.000
Use of Large Screen 0.035 0.043 1.368 1.000

6.4.3 Survey Questions

We divide survey results into three areas: Post-1D and Post-2D Questions, Post-Study

Questions, and Qualitative Comments.

Post-1D and Post-2D Questions

As seen in Fig. 6.8, the 2D environment (SAGECells) appears similar in ease of navigation

and quickly finding info and appears better in ease of coding branches, comparing branches,

revisiting and relearning, and in use of the large display. However, we found only comparing

branches, revisiting and relearning, and use of the large screen were statistically significantly

different in our study; in all three of these metrics, 2D was preferred, as seen by the positive

values for mean for Post-2D minus Post-1D in Table 6.6. Of note is that (Ease of) Revisit

and Relearn had the smallest difference, with a small mean and a median of 0.

Post-Study Questions

As seen in the heatmaps in Figs. 6.5, 6.6, and 6.7, the vast majority of participants had a

positive view of the freeform 2D notebook environment. Per Fig. 6.5, the median results

found 2D at least slightly preferable for each common data science task mentioned; no

participants preferred 1D for comparing results, while six users preferred navigation in 1D.
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Per Fig. 6.6, the median results never found 1D better than 2D, even with the pro-1D

statements. Notably, participants felt they benefited from having more notebook cells on

the screen, that setup time in 2D was worth it, and that they would use 2D notebooks over

1D notebooks. Still, seven participants found the simplicity of 1D notebooks beneficial. Per

Fig. 6.7, participants largely preferred 2D for larger, more complex projects and 1D for short,

small projects; only one participant preferred 1D over 2D for any of the three larger, more

complex project types.

Qualitative Responses

Of the 19 participants, all gave some qualitative feedback; 17 participants expressed positive

aspects of the 2D notebook environment, eight expressed challenges of the 2D notebook

environment, 10 expressed drawbacks of the 1D notebook, and only one out of all 19 expressed

a preference for 1D over 2D. Several comments point out how the 2D notebook environment

with the large display effectively enables more externalized memory and spatial encoding of

meaning, both key features of Space to Think [2], along with the increased efficiency from

physical navigation [1] as opposed to the required virtual navigation in 1D. The results are

summarized in Table 6.7 with the major themes found, a sample quote for each theme, and

the number of participants who gave a comment matching the theme.

6.5 Discussion

We divide our discussion into 4 sections: How Affordances Affect Layouts, Efficiency in

Linear vs. Nonlinear Notebooks, Usability Benefits of Nonlinear Notebooks, and Design

Challenges and Opportunities.
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6.5.1 How Affordances Affect Layouts

One interesting finding from our results is how a higher percentage of users (37%) made a

Grouped Combinations layout than those in Harden et al.’s exploratory work [22]. It must

be noted that the set of software affordances available with the working nonlinear notebook

of SAGECells in SAGE3 is not the same as the affordances suggested by the use of Miro

boards as a scratch space to explore nonlinear arrangements; for example, SAGECells, at

the time of this study, do not feature directed graph tools for run order. Furthermore, the

screen space provided was not able to show all 10 columns at once without zooming out so

much that the results would be too small to read. Given the available features, especially

the ability to run a single column or row of cells in order, and the available screen space, it

makes sense that more participants opted for a Grouped Combinations layout than a Multi-

Column or Linear layout, separately. Since the Grouped Combinations layouts were able to

fit everything on the screen in a way that makes sense to users and makes the most of the

available affordances, it is no surprise that it was the most common layout.

Fork-It [75] introduces an interesting affordance: forking, or the temporary creation of a

multi-column portion, or fork, within a linear notebook. In their study, Weinman et al.

found forking useful for exploration and, unexpectedly, containing messes. However, the

ephemeral nature of forks in their system limits its applicability for revisiting and/or reusing

explored alternatives, as well as for presentation of narratives other than the main line. Given

how our participants, on average, thought they would prefer to present with 2D notebooks,

and slightly prefer to explore data and perform analysis with 2D notebooks, it makes sense

to preserve explored alternatives for potential later use, a capability that SAGECells enable.

That being said, there may be some value in being able to permanently discard some explored

alternatives, such as to avoid spatialized messiness.
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6.5.2 Efficiency in Linear vs. Nonlinear Notebooks

In their work on 2D Jupyter, Harden et al. [23] found efficiency gains on common com-

parative analysis tasks with rigidly structured 2D notebooks. However, their analysis did

not include setup time, as the notebooks were pre-made, limiting the efficiency gains to the

comparative analyses alone. This work did include setup time in the Initial Pass, as the

notebooks only had data preparation code and one branch of the analysis included in their

starting form, as seen in Fig. 6.2. While we did not see a statistically significant difference in

efficiency between the 1D and 2D notebooks on the Initial Pass and Both Passes combined

for the task we laid out, we did see such a difference on the Revisit Pass. Given how com-

parative analyses and revisiting and reusing analyses, one of which has been demonstrated

to benefit from 2D notebooks [23] and the latter which we demonstrate in this paper, are

so critical in data science work, the authors contend that the nature of data science work

leads to solutions that can effectively utilize 2D space. While the Initial Pass did not have

a statistically significant difference, this could be due to the lack of sufficient practice with

SAGECells, as well as the potential for more upfront cognitive load due to having to decide

how to organize cells. The freeform nature of SAGECells, in enabling user-imposed structure

as opposed to software-imposed structure, does require users to make organizational deci-

sions; while this setup time comes at a cost, our participants agreed that the cost seemed

worth it, per Fig. 6.6, for the benefits provided.

6.5.3 Usability Benefits of Nonlinear Notebooks

The freeform, nonlinear 2D computational notebook capabilities of SAGECells within SAGE3

provide benefits over rigid 1D notebooks in several ways. Based on Fig. 6.5, locating items,

comparing results, presenting a notebook, and dealing with Branching Code Paths in par-
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ticular are seen as better done in a nonlinear, 2D notebook. Per the qualitative results in

Table 6.7 and past literature [1, 2], the aforementioned benefits may be due to the way that

nonlinear notebooks, when combined with a large display setup, enable Space to Think [2]

to more effectively make use of available screen space. Four participants expressed the value

of externalizing memory on the screen, and three noted the ability to organize information

spatially, which are the key components of Space to Think [2]. Add in the ability to use

physical navigation to (mostly) replace virtual navigation, which according to the quoted

participant makes navigation “much easier”, and performing tasks can become easier and

more efficient [1].

6.5.4 Design Challenges and Opportunities

While freeform nonlinear 2D notebooks do have benefits, they also include some challenges,

especially as it relates to cognitive load and added complexity in navigation.

The nonlinear 2D notebook environment SAGECells, by its organizational nature of being

freeform, does not impose a particular structure on users; instead, users can create their

own structures that may match their screen space and mental models better. However,

this additional task of organizing code cells appears to come at a cognitive cost. Given

that approximately 25% of our participants felt more training and practice with SAGECells

would improve their performance, and it becomes clear that there is a cognitive hurdle here

that thoughtful solutions could help address. Some potential solutions to address this hurdle

include the creation and use of organizational templates, having an AI agent suggest, upon

request, organizational patterns, and giving users more tools (e.g. creating a column- or row-

based cell group) with which to impose their own structure upon the 2D canvas. Whether

such tools would be effective enough and how effective they would be is an open area for
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future research.

On another note, while three users expressed that navigation was easier in SAGE3 with

SAGECells, five users expressed sentiments suggesting that such freeform 2D notebooks

require more complex navigation than 1D notebooks. Although such issues might be ad-

dressable through more practice and experience with a freeform 2D computational notebook,

it is important for designers to consider how to minimize the cost of increased complexity

in virtual navigation in addition to maximizing the usefulness of physical navigation. After

all, using a large physical display for work is not always possible, such as when one is trav-

eling, and so freeform 2D computational notebook designers should strive to make virtual

navigation easy and intuitive while also empowering physical navigation.

6.5.5 Limitations

Our work has some limitations, notably the potential for demand bias to affect results and

the imperfect emulation of more complex forms of Branching Code Paths used in this study.

Demand Bias

Demand bias occurs when participants change their views and responses because they know

or think they know the research agenda. While it is possible that some of our results may

be affected by demand bias, some of the qualitative feedback we received suggests that this

potential effect might not be a deal-breaker, so to speak. For example, some of the expressed

benefits of freeform 2D notebooks related to prior research on large displays for sensemaking

(Space to Think [2] and physical navigation [1] especially) without participants likely being

aware of this prior research; the authors contend that this suggests genuine benefits have

been uncovered.
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Imperfect Emulation of Complex Branching Code Paths

While we did create a task that fits the definition of Branching Code Paths, it is true that

the task we created was a very simple example. More complex examples, such as comparing

multiple different machine learning algorithms on a single dataset, may not benefit as much

from certain features of SAGECells, such as the capability to duplicate a code cell with

the code preserved in the new cell. Still, the authors contend that the spatial organization

patterns users created could be adapted to such more complex examples of Branching Code

Paths while still enabling the benefits of nonlinear 2D notebooks to make better use of screen

space.

6.5.6 Future Work

This study compared rigid 1D computational notebooks with freeform 2D computational

notebooks to explore how users would organize a freeform 2D computational notebook with

some helpful features and evaluate how such an environment would affect performance and

subjective measures of usability. While this study did help answer those questions, there

remains work to be done, especially as it relates to testing nonlinear 2D notebooks “in the

wild” and comparing this freeform 2D computational notebook approach to a more rigid 2D

computational notebook like in 2D Jupyter [23]. “In the wild” testing could help elucidate

more clearly the benefits and challenges of using nonlinear 2D notebooks and better inform

future designs. Comparing a freeform 2D computational notebook to a more rigid one could

help elucidate where rigid, software-imposed structure and freeform, user-imposed structure

best help users. Both of these directions may help inform the next generation of nonlinear

notebooks. Finally, it may also be useful to compare nonlinear 2D computational notebooks

with nonlinear 3D notebooks, such as those developed by In et al. [27], to determine the



116
CHAPTER 6. EXPLORING THE POTENTIAL OF 2D FREEFORM COMPUTATIONAL NOTEBOOKS WITH

SAGECELLS

benefits and challenges of each environment.

6.6 Conclusion

Computational notebooks are a versatile, popular tool for creating and presenting compu-

tational narratives. Current notebooks’ linear, 1D, top-down organization, while elegantly

simple, does appear to cause and/or exacerbate certain issues users have with them, espe-

cially when it comes to making the most of larger display setups and to Branching Code

Paths, a common problem in data science. Given how new the idea of nonlinear 2D com-

putational notebooks are and how rigid earlier designs have been, we sought to explore

the potential of freeform nonlinear 2D computational notebooks to address issues affecting

computational notebooks.

The freeform nonlinear 2D computational notebook environment of SAGECells in SAGE3

[68], when used with a nonlinear strategy, provides some benefits in efficiency as it relates

to revisiting and reusing analyses, as well as comparative analyses, by enabling physical

navigation and Space to Think [2]. Most users utilized the 2D space to create nonlinear

layouts with tools like duplication of code cells, especially in the Multi-Column and Grouped

Combinations patterns found by Harden et al. [22]. While a freeform, user-imposed approach

to generating structures, like those mentioned above, does require additional work by users,

its benefits appear to be worth the investment according to our study participants. Overall,

freeform 2D computational notebooks have the potential to improve upon the current, rigid

state of computational notebook organization through enabling innovative spatial patterns

and Space to Think.
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Table 6.7: Qualitative Themes in Study Surveys

Theme Sample Quote Number of
Participants

2D Benefits 17
Easier Comparison
vs. 1D

“[2D] is very useful for data analysis where we need
to compare between multiple things.”

11

External Memory “The ability to look at multiple data simultane-
ously is the best usefulness of the 2D computational
notebook.”

4

Spatial Encoding
Meaning

“I think 2D computational notebooks are very use-
ful for data science problems because I feel like the
way you can organize information is better than
the way you would with a 1D notebook.”

3

Physical Navigation
Good

“The rapidness of moving your head side to side to
compare data or moving your eyes up and down is
much easier [compared to] having to scroll down a
page.”

3

Easier Navigation “A 2D Notebook was much easier to navigate and
perform data analysis as compared to 1D note-
book.”

3

Good Use of Display “With the 2D notebook, I could arrange the cells in
different groups and fully utilize the screen space.”

3

2D Challenges 8
Training Needed “2D is helpful, however the time required to un-

derstand what to do could enhance the barrier to
entry.”

5

More Complex Navi-
gation

“I think if I was more comfortable with the con-
trols, I would be able to navigate around more eas-
ily.”

5

Setup Time Needed “There is more time to set up in 2D versus opening
up a 1D notebook and start typing.”

2

1D Challenges 10
Virtual Navigation
Needed

“For 1D notebook, I had to repeatedly scroll up
and down...”

6

External Notes
Needed

“I had to note down all the values [in 1D], lot of
manual effort required for this.”

4

Layout Preferences 5
Prefer 2D “SAGE is a really amazing platform to perform

data analysis... I think this really has a good po-
tential to improve developer productivity and CS
education.”

4

Prefer 1D “I preferred 1D, I think it’s cleaner and easier to
navigate and I also think it has the same flexibility
as 2D. I could take notes on paper, so this would
make up for the shortcomings when using 1D.”

1



Chapter 7

Conclusion

7.1 Conclusions

This dissertation focused on four main research questions aimed at exploring the potential

of spatialized 2D computational notebooks to address issues current linear computational

notebooks have and improve upon the current state of computational notebooks. This

chapter examines each research question and presents the findings from the studies conducted

to address these questions.

7.1.1 RQ 1: What problems with current computational note-

books are due to their linear structure, which could feasibly

be addressed with spatialized nonlinear computational note-

book designs?

Previous works [11, 62] on understanding user issues with computational notebooks have fo-

cused broadly on a variety of pain points, but none have investigated the tension between the

linear, 1D organization of cells and the nonlinearity of much data science work. To address

research question 1, we first developed a set of patterns of nonlinearity from prior literature,

our experiences, affinity diagramming, and consulting with data scientists. We then devel-

118
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oped and deployed a survey to validate and measure approximately how problematic each

pattern is in the eyes of users. This survey asked computational notebook users to rate how

problematic each pattern is and to give qualitative feedback on each pattern; this survey also

asked users to rate how helpful spatializing computational notebooks in 2D space (with an

example image) might be to help address the patterns we developed. We found that most

of our patterns were considered to be moderately problematic, with Managing Nonlinear

Execution Patterns, Controlling Cell Versions, Branching Code Paths, and Gath-

ering Visualizations & Results into Dashboards being the most critical patterns to

address. We also found that most survey participants appeared to be cautiously optimistic

about the potential of spatialized nonlinear notebooks’ potential to address such issues.

7.1.2 RQ 2: How would users organize computational notebook

cells in spatialized 2D notebooks?

Given that patterns of nonlinearity exist in data science work with computational notebooks

and that spatialized 2D computational notebooks may be able to address these patterns, it is

important to test how users would actually prefer to organize computational notebook cells

in 2D space. Specifically, we sought to understand how users might arrange a collection of

cells from a completed notebook given a 2D spatial environment, and whether users would

see such an environment as helpful to various tasks within data science. We performed an

exploratory user study in which participants took images of code and markdown cells, placed

in a pile on a Miro online whiteboard [51], and arranged the cells in the 2D space a way that

made sense to their understanding of the story the notebook told; after completing the task,

participants filled out a survey to help us better understand their organization of cells and

gauge their thoughts on the potential of spatialized 2D notebooks. Our analysis showed that

the vast majority of participants (84%) did make use of 2D space in some way; the most
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consistent organizational pattern users developed was a single row of columns, or a Multi-

Column style. Other nonlinear organizational patterns included nesting rows and columns,

or Grouped Combinations, using arrows between cells to create a Directed Graph, as

well as more linear arrangements such as splitting the single-column structure into multiple

columns at a given point, or Split-Column, and splitting 1 cell in a single column into a

row of cells, or Split-Cell. Additionally, our survey analysis showed that most participants

saw a spatialized 2D notebook as having potential to improve over 1D notebooks, especially

for comparison activities, although there was some skepticism regarding navigation and

debugging in such an environment. Our findings from this study guided our work on RQ 3,

where we tested the Multi-Column style in particular.

7.1.3 RQ 3: What potential benefits could spatialized nonlinear

computational notebooks which implement a multi-column

structure provide for data science over current linear note-

books?

To address RQ 3, we ran a user study with a prototype spatialized 2D computational note-

book extension for Jupyter Notebooks that implemented the Multi-Column organizational

pattern. This user study focused on statistically comparing efficiency and usability of this

extension with linear, 1D Jupyter Notebooks. We found that the spatialized 2D Jupyter

Notebooks with the multi-column style increased efficiency on various comparative analysis

tasks and that users found the system more usable than 1D, linear Jupyter Notebooks. By

minimizing the need to scroll or use other virtual navigation tools through enabling physical

navigation, our spatialized 2D Jupyter extension helped make it easier and more efficient

to perform the comparative analysis tasks. One finding of note from this study was that
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those users who were exposed to the 2D condition with 2D Jupyter before the 1D condition

found 1D to be less usable than those who started with 1D; this may mean that exposure

to alternative, spatialized methods of organizing computational notebook cells may cause

some users to see the flaws of 1D, linear computational notebooks as being due in part to

their rigid, 1D organization. It should be noted that this study used already-made complete

notebooks and thus did not require creation of any new code cells; this factor was explored

as part of our work on RQ 4.

7.1.4 RQ 4: What potential benefits could spatialized freeform

nonlinear computational notebooks provide for data science

over current linear notebooks?

To address RQ 4, we ran a user study with a freeform, spatialized 2D computational notebook

environment (SAGECells) within the online whiteboard/canvas software known as SAGE3.

This user study focused on statistically comparing efficiency and usability of this environment

with linear, 1D Jupyter Notebooks for the Branching Code Paths pattern of nonlinearity, as

well as how users would organize the cells in a working freeform 2D computational notebook.

It should be noted that participants started with a notebook with pre-processing and 1

branch of the analysis done, from which they had to choose how to tackle the rest of the

problem. We found similar overall performance in terms of efficiency and accuracy in both

the linear, 1D condition and the freeform, 2D condition; after removing those users who

did not utilize the 2D environment to create nonlinear layouts from consideration, we found

that efficiency was better in the 2D condition when users did not have to write any more

code and just had to compare results again with the dataset slightly changed. This suggests

that spatialized 2D computational notebooks, if not used in a nonlinear manner, may not
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provide benefits over that of linear, 1D notebooks; if used with nonlinear layouts, however,

2D notebooks are indeed better for comparative analyses, echoing the results found for RQ

3. We also found that the layouts participants created were similar to the results found

for RQ 2, except that there were no directed graph layouts due to SAGECells lacking this

feature. In addition, users who opted for a Grouped Combinations layout appeared to take

into account the available screen space when designing their layout, likely due to wanting to

have all results on the screen at once.

7.2 Future Work Directions

7.2.1 Scalability

One unexplored area of research with respect to spatialized 2D computational notebooks

is that of scalability. The user studies in this dissertation mainly focused on tasks with a

medium number of cells, generally less than 40. While 1D, linear computational notebooks

generally fit less than 10 cells on the screen at once and spatialized 2D computational note-

books can fit more depending on screen size, the challenge of how to deal with the situation

where the screen cannot show all the cells at once without zooming far out is one worth con-

sidering and addressing. Real-world work may involve far more than 40 cells over the course

of a project, with potentially 100 or more cells, and that is without mentioning different

versions of a cell. How can spatialized 2D computational notebooks be used when there are

more cells than can fit on even a larger screen setup? What strategies might users adopt in

such an environment to deal with this issue?

One such approach may be found in semantic encoding of meaning into space. In other words,

users may decide that different sections of a spatialized 2D notebook may hold cells related
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to different things, such as tasks. For example, a user might designate a section for pre-

processing, another for explorations in progress, and yet another for completed explorations.

Another idea is to implement virtual navigation options like switching tabs between different

notebooks for different parts. However, the iterative, interconnected nature of data science

tasks may pose some challenges to this method, much like the drawbacks of virtual navigation

found in the user studies. A third idea might be to incorporate some sort of minimization

feature that enables users to minimize, or hide, certain groups of cells until they are needed

again. It would be interesting to see how users deal with the challenge of organizing a

notebook with many more cells than can fit on a larger display setup. Finally, scaling to

100+ cells may also require some innovation in terms of how a spatialized 2D computational

notebook is coded in order to maintain fluid navigation and execution of cells.

There are numerous questions to address regarding how users deal with larger projects with a

spatialized 2D notebook environment and how such an environment can be improved for such

cases. Exploring these questions could help improve spatialized 2D computational notebooks

and computational notebooks in general.

7.2.2 Creating and Managing Run Order

One issue that comes from breaking out of the linear, top-down, 1D mold of current compu-

tational notebooks into spatialized 2D notebooks is that of creating and managing run order.

In the linear, 1D environment, it is trivial to define and implement a run order for the entire

notebook, as well as to provide features like ”run all starting at this cell” or ”run all before

this cell” to users. However, with the introduction of 2D space for organizing computational

notebook cells, the problem of creating and managing run order is no longer trivial; while

users may organize cells into (potentially nested) columns and rows, there is no longer just
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one potential interpretation of run order. This fact leads to issues when trying to develop

algorithms to run multiple cells in order.

One method of dealing with run order is to have algorithms make decisions based on certain

characteristics of the organization of cells, such as whether the cells (either all or a selected

subset) are wider than they are tall, or vice versa; this method was used in the SAGECells

paper to provide users a way to run more than 1 cell in a particular order. However, such

a method may have a hard time with more complex arrangements of cells than a single row

or column; a grid, for example, can be organized as either a row of columns or a column of

rows, leading to two possible interpretations on how it should be run. While a grid could

potentially be addressed by asking a user through a pop-up to choose a run-order option,

such a method may mean asking the same question of the same set of cells each time the

grid is re-run. Furthermore, if a user selects the wrong option, they may have to either wait

until the grid has been fully run wrongly or otherwise find a way to interrupt and stop the

algorithm from continuing to run cells. Thus, there may be more salient and intuitive ways

to ensure that such human-in-the-loop measures do not get tiring or unnecessarily repetitive

for users.

Visualization methods could be a useful tool for helping users see and change run order

without having to repeat steps unnecessarily. One potential solution for run order issues is

that of drawing directed lines (with arrows) between cells to show what the system thinks the

overall run order is, and allowing human users to edit those links to correct misconceptions

of the algorithm. Combined with an AI backend that is perhaps trained on a dataset of

organizations and run orders or otherwise trained to reason about run order based on various

features of the notebook (including spatial organization), a human user could potentially

quicken the process of updating the visualized run order to be more in line with the user’s

mental model. One potential area of investigation here would be predicting and seeing how
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run order in a spatialized 2D notebook environment may evolve over the course of a data

science project, and how AI assistants might be able to help quicken run order adjustments.

Given how nonlinear the iterative and exploratory work of data science is, I would conjecture

that run order in spatialized 2D notebooks may need adjusting fairly often.

7.2.3 User Studies with Experts in Data Science

All of the user studies in this dissertation use a population of convenience, namely college

students. However, expert users in the field of data science may tackle projects with spatial-

ized 2D notebooks differently than students who are in the process of learning data science.

Would there be a difference in results on efficiency and usability with expert users compared

to college students, and, if so, how would they differ? How would their strategies for tackling

problems differ, and what effect might this have on how they use the space?

One approach to answering this question could be to solicit expert users through networking,

academic and other listservs, Kaggle boards for competitions, and more for studying the use

of spatialized 2D notebooks ”in the wild” with data science experts. Such a study would

likely be longitudinal in nature, with more qualitative analysis than quantitative, and may

have a small sample size due to potential difficulties in getting participants. Given that such

experts would be geographically distributed over a wide area, may or may not have larger

display setups, may have varying years of experience, and may have varying levels of expertise

in computer programming and other skills, it may be wise to use surveys and interviews to

assess these various items and their impact on the use of spatialized 2D notebooks.

Overall, there are numerous interesting questions that could be answering by shifting the

population of focus from one of convenience to data science experts. Exploring such questions

could help significantly enhance the usability and effectiveness of spatialized 2D computa-
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tional notebooks.

7.2.4 Collaborative Scenarios

The two user studies in this dissertation with working spatialized 2D computational note-

books focused on single-user scenarios; future work could address collaborative work on data

science and analysis using a spatialized 2D notebook.

One area to explore would be how collaborative users organize their work, and what affects

such decisions. Do collaborative users create separate areas for their own explorations and

ideas, and, if so, how do they merge their work together? If collaborative users utilize

a shared space, how do they negotiate aspects like who gets to run or move a code cell?

How does the collaboration mode across time (synchronous, asynchronous) and space (co-

located, distributed) affect such collaborations? Does the role a user has in a team (e.g.

boss, junior data scientist, senior data scientist) affect organizational strategies and, if so,

how? Investigating these questions could provide valuable insights into benefits, challenges,

and design opportunities for spatialized 2D notebooks.

7.2.5 Utilizing More Objective Measures

The studies in this dissertation relied a lot on subjective Likert-Scale questions to assess

metrics such as usability and user preferences. Including more objective or time-tested

measures would not only help elucidate potential benefits and challenges facing spatialized

2D computational notebooks, but also help counter the possibility of biases such as demand

bias (participants telling researchers what they think the researchers want to hear) and

novelty bias (participants appraising a novel tool more highly upon first using it than they

would otherwise) in research evaluating spatialized 2D computational notebooks. Although
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strong qualitative feedback can help suggest that these biases may not be the main reason

for effects seen, it can be argued that they should generally not be considered enough on

their own.

One particular area that would be useful to evaluate with a more objective measure is that

of cognitive load. While I have speculated that adding the task of organizing cells in a

2D computational notebook may add significant cognitive load up front (that may save

time down the road by minimizing or even avoiding issues such as messiness), it would be

better to find measurements of this that can provide more objective evidence upon which

my speculations (and other similar ideas) can be judged. One way of measuring cognitive

load is with questionnaires like the NASA-TLX [24]; however, such questionnaires may be

more subjective than a researcher would prefer, and thus one may wish to combine it with

other metrics, such as physiological measurements, post-task interviews, and perhaps even

a think-aloud protocol with audio recordings to note events like where users get stuck. To

this end, I would suggest that anyone looking to study such questions have a strong grasp

of psychological measurements or collaborate with such an individual.

7.2.6 Delving Deeper with Qualitative Analysis

The studies in this dissertation, for the qualitative analysis, focused mainly on open coding,

and did not tend to proceed to axial or selective coding; this was done mainly due to time

constraints. That being said, a deeper qualitative analysis backed by rigorous methodology,

such as grounded theory as described by Charmaz [10], may help elucidate further insights

into the opportunities and challenges that spatialized 2D computational notebooks present.

In fact, I would recommend that such methodologies be thoughtfully considered in any

qualitative attempts to address questions brought up by this dissertation, including this
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future work section.

7.2.7 Exploring Whether and How Users Think About Organizing

Cells in 2D Notebooks

One set of questions that were not directly explored in this dissertation relates to whether

and how users think about organizing cells in spatialized 2D computational notebooks. This

set of questions includes whether such organizational tasks add additional cognitive load

to doing data science in computational notebooks, if they simply externalize processes that

users already tended to perform internally, or if something else happens to be the case; it

also includes how users think about organization and what goes into their decisions and

executions of organizational structures.

Some of these questions could be explored by using a Think-Aloud protocol and recording

the audio during studies. For such studies, it would be best to get users who have their

own datasets they want to analyze so that they are both motivated to do deep, thoughtful

analyses and unconstrained by conditions usually found in a controlled study. It may be

useful to emulate some of the study methods found in a work by Batch et al. [3], such as

having a space users can reserve to use a spatialized 2D computaitonal notebook with a

larger screen setup that is equipped to record audio (and potentially visuals as well) during

analysis; this could help with recruiting enough participants to gather enough data, although

enforcing a Think-Aloud protocol would be difficult with such a method.
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7.2.8 Effects of Available Screen Space and its Usage

The two user studies in this dissertation with working spatialized 2D computational note-

books provided display that were of moderate and large sizes, effectively providing the po-

tential of Space to Think, and did not delve deeply into testing different display sizes and

configurations within either study; future work could address the effects of screen space

and its usage to further elucidate benefits and challenges of spatialized 2D computational

notebooks.

One possible research direction would be investigating the effects of screen size on efficiency,

accuracy, and subjective measures of usability when using a spatialized 2D computational

notebook. Such a study would benefit from having multiple different display setups, not just

small laptop screen and large TV screen; at the very least, there should be a small laptop

screen condition (e.g. 15”), a moderate desktop monitor condition (e.g. 24”), and a large,

potentially widescreen, TV condition (e.g. the screen used in the SAGECells study). Given

that there are at least three conditions for one independent variable, it may be wise to use

a between-subjects design to better ensure an adequate amount of participants. While a

within-subjects design could work for 3 conditions, it would require 6 subgroups for each

of the potential orderings of the conditions and would likely need at least 5 participants

in each subgroup (if not more); this means at least 30 participants doing all 3 conditions,

which, in my experience, is impractical to achieve in a timely manner. With a between-

subjects design, 30 participants means 10 to each condition, and with each participant only

performing 1 condition, this should be much more easily doable. Regardless, for this kind of

user study the task should be something that users have experience doing in computational

notebooks without being an exact copy. Thus, recruiting students who have taken or are

taking a class like CS-CMDA-STAT 3654 may be advisable. Finally, in addition to measures

of efficiency, accuracy, and subjective perceptions of usability, it would be worthwhile to ask
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each participant to note any design challenges or benefits that they perceived during the

task.

Another potential direction is to compare a linear, 1D computational notebook with a

freeform spatialized 2D computational notebook on a large, vertical screen. Given how

such a screen is useful for coding tasks, especially with linear computational notebooks

since it can show more cells, it would be interesting to see how a freeform spatialized 2D

computational notebook performs against it; it would also be interesting to see how users

organize their cells in a freeform 2D notebook given a larger amount of vertical space. Such

a study could be similar in design to the SAGECells study, with a within-subjects design

and counterbalancing of the order in which participants complete conditions.

Finally, it would also be useful to explore how much of a large screen is used and how apps on

the screen are organized with both linear, 1D computational notebooks and spatialized, 2D

computational notebooks. This could be done with screen recordings, which could be used

to estimate the percentage of pixels used at different points in a study. Such explorations

could also help elucidate what causes certain benefits; is it more about having more items

on the screen, the way items are laid out, the size of certain items, etc.?

7.2.9 Human-Machine Teaming

Given recent advances in artificial intelligence (AI) agents and methods, such as large lan-

guage models (LLMs) for coding and more, it makes sense to explore how such AI tools

could be used to benefit spatialized 2D computational notebooks and their users.

Integrating AI agents could help with various problems, from suggesting statistical and

machine learning methods to try with a dataset to helping users organize their notebooks

according to common templates and/or tasks. Such integration also brings with it some risks,
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such as the AI suggesting methods that don’t fit the dataset’s characteristics, suggesting

organizational structures that don’t fit the analysis, and more.

Some questions that could be explored include how users would want to interact with AI

agents, whether and how users can correct faulty AI suggestions, what tasks users feel

comfortable trusting AI with, and more. Exploring such questions could help lead to critical

advances in the design and implementation of spatialized 2D computational notebooks with

AI for analytics.
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