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Figure 1: Example Freeform 2D Layout showing a row of cells and a row of columns of cells in SAGE3.

Abstract

Computational notebooks are popular for the iterative, exploratory,
and narrative work of data science, but their one-dimensional (1D),
top-down organization may clash with nonlinearity prevalent in
data science work. While evaluations of rigid two-dimensional
(2D) notebooks suggest enabling structured nonlinearity has ben-
efits, users may prefer to organize cells in 2D without rigid con-
straints; freeform 2D notebooks thus warrant research. This work
contributes a sanity check by comparing freeform 2D (SAGECells)
to standard 1D (Jupyter) on coding and comparing semantically
similar sections of code (Branching Code Paths). Freeform 2D with
nonlinear cell organizations saved users approximately 30% in time
taken to revisit their analysis, and users preferred freeform 2D for
all surveyed data science tasks. The results suggest that further
research investigating freeform 2D notebooks is warranted.
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1 Introduction

Computational notebooks (e.g. Jupyter [43, 53]) are often used in
data science to construct and present computational narratives
[64, 72, 78]. However, their one-dimensional (1D), top-down code
cell organization impedes users in representing nonlinear analysis
and narrative patterns [37, 72], using larger widescreen displays
well [36, 37], and may affect issues like messiness [25, 38, 47, 56,
57, 72]. One common nonlinear pattern in data science involves
semantically parallel sections of code, or “Branching Code Paths”;
this can happen when a user copies and pastes (or overwrites)
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code to see performance changes, compares performance of several
different machine learning (ML) algorithms on a single dataset, or
does similar actions. This pattern serves as context for this work.
Recent studies suggest rigid, software-imposed two-dimensional
(2D) code cell organizations help with issues like those above
[36, 86, 87], but there is movement away from such rigidity towards
user-imposed (“freeform”) organizations (e.g. Einblick.ai [31, 81],
Observable Canvas [11]). These design decisions impact user be-
haviors, perceptions, and performance, yet the authors did not find
works testing if “freeform” 2D notebooks may benefit users over
1D as rigid 2D seems to; thus, the authors provide a sanity check.
This paper contributes to computational notebook research via a
detailed literature review, a brief design, and a thorough evaluation
of SAGECells, a freeform 2D computational notebook interface,
within SAGE3 [80, 82]. We focus on the research questions below:

e RQ1: When comparing linear and nonlinear strategies for
code cells, which supports more efficient and accurate coding
and comparison for Branching Code Paths?

o RQ2: What strategies do users utilize in 1D and freeform 2D
notebooks to deal with Branching Code Paths?

e RQ3: How do users organize cells in a freeform 2D notebook
to deal with Branching Code Paths?

e RQ4: Are freeform 2D computational notebooks preferred
over 1D computational notebooks, and why?

To answer these questions, we designed and implemented SAGE-
Cells, an application in SAGE3 [80] with freely organizable cells,
compared it to 1D Jupyter Notebooks with a user study on a large
display, and surveyed participants for qualitative data. We found,
similar to our earlier work [37], that more than 67% of our partici-
pants made a nonlinear organization of cells (nonlinear strategy)
when working nearly from scratch; these users tended to nest rows
and columns, creating Multi-Column and Grouped Combinations
patterns identified in our previous work cited above. When used
with a nonlinear strategy, SAGECells saved users approximately
30% in time over Jupyter Notebooks for revisiting an analysis, but
was not statistically different for setting up and running an initial
analysis. Still, users tended to prefer SAGECells for all surveyed
data science tasks, with the median preference for any task being
no lower than Slightly Prefer 2D and more often being Prefer 2D.
We discuss these results and their implications, including usability
benefits, design challenges, and opportunities for further improving
and investigating 2D computational notebooks.

2 Background and Related Works

2.1 Nonlinearity in Data Science and
Sensemaking

While often shown as a linear progression from data collection to
modeling and deployment [62], data science in practice is an itera-
tive, exploratory process of transforming raw data into actionable
knowledge [8, 67]. Discovering answers through data exploration
leads to new questions arising, and goal shifting in this exploration
further leads to the fluidity of data science [13, 69, 83]. Model results
can uncover data quality or sample bias issues, requiring more data
foraging and cleaning, as well as potentially having further impacts
on modeling and analysis code [9, 99].
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Many methodologies and structured frameworks developed to
guide data science projects include iteration at their core; examples
include Jurney’s Agile Data Science Lifecycle (“iterate, iterate, iter-
ate”) [44], the Domino DS Lifecycle (“expect and embrace iteration”)
[39], and Guo’s Data Science Workflow (“a repeated iteration cy-
cle”) [34]. Similarly, analysis phases exploring data, parameters, and
workflows appear in methodologies like CRISP-DM [77], Byrne’s
Development Workflow for Data Scientists [14], and the Dutta and
Bose framework for managing big data analytics projects [28].

Such actions in data science are related to the repeated informa-
tion foraging and synthesis processes seen in sensemaking research
[54, 66] and in cognitive processes associated with learning and
decision-making [19, 73]. As new information is found and incor-
porated into current knowledge, existing beliefs may be revised,
mental models may be transformed, and the foundations of hypothe-
ses may need recalibration [18]. All these revisions can have both
upstream and downstream impacts on already-performed analyses,
requiring further iteration and realignment of prior work [42].

Given the nonlinearity in data science and sensemaking, this
research helps explore a possible way to better support nonlinear
sensemaking and data analysis for computational notebook users.

2.2 Limitations and Pain Points of
Computational Notebooks

Computational notebooks are seen as useful for data science re-
search because the separately-executed cell structure supports in-
cremental and iterative analysis during exploration [45] and be-
cause the interleaving of code, visualizations, and explanatory text
naturally leads to the formation of computational narratives [63].
However, the nonlinear analysis inherent to these sensemaking and
exploratory processes also results in numerous problem areas for
computational notebooks [16, 48, 72]. For example, interviews con-
ducted by Kery et al. demonstrated that the incremental formation
of ideas and associated code branching processes led data scientists
to create complex, informal versioning behaviors to simultaneously
maintain older analyses and develop new results [46]. The addi-
tional burden of tracking previous code versions and data states
can be mitigated with refactoring and other cleaning actions, but
these steps have their own usability challenges [25, 56].

Letting unused code remain can also lead to navigational chal-
lenges like tracing dependencies between cells, particularly in
longer notebooks [37]. For example, the structure of cell depen-
dencies and the intended cell execution order are clearer to the
notebook creator than to a notebook reader, as the development and
maintenance of these structures are more aligned with the mental
model and information discovery processes of the creator [42, 68].
These remnants of prior analyses can further impact both collab-
orative work and reproducibility of results by other researchers
[10, 38, 65]. Researchers and developers have implemented exten-
sions to notebooks, as well as separate tools that complement note-
books, to work on resolving these navigation and structural issues
with the addition of hyperlinked lists of section headers [32], de-
pendency graph visualizations [89], and version control [47].

Noting that a subset of the issues associated with navigation
and structure are connected to the linear structure inherent to com-
putational notebooks, recent research is investigating the use of
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two-dimensional spaces and large displays [35, 86, 87]. These works
have explored the potential of rigidly structured two-dimensional
spatial computational notebooks, where users are mostly locked
into a given organization of cells using two-dimensional space, to
improve the state of computational notebooks. Fork-It [87] intro-
duced temporary two-dimensional space usage through the creation
of forks, or split columns, in a standard linear notebook; this helped
nonlinear analyses, but the temporary nature of the forks meant
that nonlinear narratives were not accommodated. Stickyland [86]
enabled users to “stick” cells to a persistently viewable dock at the
top of the notebook interface. 2D Jupyter enabled organizing code
cells into a row of columns, or a multi-column pattern [37], but did
not accommodate other, more complex organizations of code cells.

While such rigidly structured two-dimensional notebooks have
proven beneficial, the authors are unaware of explorations involv-
ing completely freeform two-dimensional spatial computational
notebooks, where users can organize code cells however they wish.
This study explores the usage of this type of flexible environment.

2.3 Benefits and Limitations of Structure

Work in distributed cognition by Attfield et al. [5] and Wright et
al. [95] suggests there are advantages to adding structure to an
interactive sensemaking space, particularly when collaborating in
the space. Structure and organization can create or extend a shared
visual language, enabling participants to recognize the meaning of
and relationships between on-screen artifacts, facilitating common
ground in the process. The shared knowledge contained within
these artifacts has been called community evidence [7]. More than
just adding facts to a mental store, shared knowledge is embedded in
these contextual frames [74]. Segmenting this knowledge into cells
of a computational notebook can be viewed as a manifestation of a
frame from Klein’s data/frame sensemaking model [52], presenting
a shared cognitive artifact available to all collaborators that will
grow and morph as exploration and analysis unfolds.

However, there can be drawbacks to having too much structure,
particularly early in an exploratory investigation. As Wong notes,
an analyst typically follows a fluid process during the early stages of
an investigation [93]. The intermediate analytic thoughts of users
can be captured from this sensemaking process [58], demonstrating
tight personal coupling between the mental model of a user and
the artifacts and structures that they create. Individual users need
freedom to explore the data and various hypotheses, and the struc-
tures created by these users play an important role in their personal
sensemaking process [98]. A highly structured space might hamper
the individual’s process both physically and cognitively, as users
with distinct personality types and cognitive abilities demonstrate
observable differences in task-solving patterns and their related
behaviors when interacting with a system [1, 94].

Prior work, including our own, has shown 2D computational
notebooks with rigid layout structures benefit users [35, 86, 87]. If
freeform 2D notebooks show similar benefits, as this work investi-
gates, comparing them with rigid 2D notebooks may be worthwhile.

2.4 Data Analysis Actions in Large Displays

Interactive sensemaking tools provide a workspace for users to ex-
ternalize their sensemaking process. Early versions of these spaces
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1 1pip install -q memory_profiler
2 %reload_ext memory_profiler
3 def sum_of_lists(N):
total - 0
for i in range(5)
L=[j A > i) for j in range(N)]
total+= sum(L)
return total

Code

Entry Box— Button Panel

10 ¥memit sum_of_lists(1000000)

peak memory: 128.80 MiB, increment: 64.28 MiB

Output Box

Figure 2: SAGECell Application containing the code section,
the output section, the kernel and font size selection, and
the execution control on the side.

include the “Planning Space” tool that Wang and Haake [85] intro-
duce within the COWFISH system, as well as the organizational
workspace presented by Hsieh and Shipman [40] in the VITE sys-
tem. These early experiments led to more advanced sensemaking
exploration spaces, such as “The Sandbox” from Wright et al. [96]
and “Space to Think” from Andrews et al. [2].

Such systems provide a digital environment for knowledge ex-
ternalization [61], assisting users by storing information and con-
nections for later access [84], and anchoring the external structures
to the user’s cognition [6]. They have been noted as particularly
helpful for the iterative nature of exploratory data analysis [49], as
well as enhancing goal-directed thinking [30]. Further benefits asso-
ciated with these spaces include the freeing of cognitive resources
to address other analysis tasks [15, 50], providing shared artifacts
to benefit communication and collaboration [51], and broadly im-
proving comprehension and recall [17, 79].

Similar research in embodied cognition [92] highlights the per-
sonal mental meaning associated with structures and locations in
these spaces [26, 71, 90], mapping semantics to position and en-
hancing understanding within the workspace [3]. The formation
of groups within these discrete regions can connect the meanings
of individual locations via similarity relationships demonstrated
through spatial proximity [20, 27, 70]. Such groups can also help to
reduce clutter in a workspace, compressing similar observations
into a group that requires less physical or screen space [59], further
supporting improved memory and recall by providing a simplified
method of understanding the data [22].

Use of these grouping and spatialization sensemaking techniques
is an area of research interest, including tools and techniques [24,
55, 60, 97], studies [12, 75], and surveys [29, 88]. However, the
behavior of users when performing these tasks in unstructured
2D computational notebooks has not been explored. This work
presents such a study.

3 Overview of SAGECells in SAGE3

SAGECells are an application developed for SAGE3 [80, 82], an
online collaborative data science canvas, that act as computational
notebook cells. They can be moved, resized, have their font size
changed, and more; their language kernels (e.g. Python) are man-
aged by the SAGE3 Kernel Dashboard with a JupyterLab backend,;
Users can create several kernels and choose which kernel to run
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a SAGECell on at any time using an application menu. 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 uses
an algorithm to detect whether the overall shape of the SAGECell
selection is wider or taller. If wider, the SAGECells run left-to-right.
If taller, the SAGECells top-to-bottom. Also, a single SAGECell or
a selection of SAGECells can be duplicated (code and output) into
new SAGECells to the right of the selected one(s). That being said,
at the time of the study SAGECells lacked functionality to create
and use directed acyclic graphs (DAGs) for connecting code cells.
Some SAGECell features not considered in this study include:

o Images in SAGECell outputs can be dragged onto the board.

e SAGECell code can be downloaded as a Python script file.

e SAGECells can be created from Python script files uploaded
to SAGE3.

4 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.

4.1 Recruitment and Screening

We recruited 65 potential participants via academic listservs of stu-
dents and faculty from a large state university; they did an online
screening questionnaire to ensure experience with computational
notebooks and Python. 52 had experience in both Python and com-
putational notebooks; 19 of them took part in the study, with 9
doing 1D First and 10 doing 2D First. Participants were randomly
assigned such that the groups were evenly balanced.

Figure 3: Starting Layout for 2D SAGECells condition. Top
row is data pre-processing. The column is the first branch.

4.2 Hardware for User Study

For the user study sessions, participants used an computer and 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
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enough to display six to eight columns of computational notebook
cells at a time.

4.3 Task Design and Rationale

We designed the user study task to emulate Branching Code Paths,
a pattern of nonlinearity that can cause or exacerbate user issues
with standard 1D computational notebooks. Branching Code Paths
means having sections of code that are semantically parallel; results
of such sections are often compared against each other. Copying
and pasting cells with few code changes for comparing performance
on a task (e.g. hyperparameter tuning) and testing varied machine
learning algorithms on one dataset are examples of this pattern.

We created two nearly identical computational notebooks for
this study, one with SAGECells and one in a Jupyter Notebook. Each
notebook had a hyperparameter tuning task with a loan classifica-
tion dataset using a decision tree where users would tune a combi-
nation 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; each notebook used a different subset. These differences
prevented memorization of past results from being a viable strategy
while keeping the tasks practically identical; participants were not
otherwise limited. Finally, both notebooks’ starting states included
data pre-processing and one branch of hyperparameter tuning done;
participants did not need to interact with data pre-processing cells
for this study. The 2D notebook’s starting layout, as seen in Figure 3,
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 SAGE-
Cells, we measured the time it took to answer the survey questions
necessary for task completion (selecting the best (highest) value
for number of loans correctly approved, overall model accuracy,
precision for loans approved, and F1-score for loans denied) and
press the “Next” button on the survey as “Time to Completion” Ac-
curacy was measured in terms of whether 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.

4.3.1 Hyperparameter Tuning Task. A common data science task is
tuning hyperparameters of a machine learning model to maximize
performance. This study’s code used a Decision Tree algorithm to
classify loan applications, and involved two task passes. For the 1st
Pass (Initial Pass), we instructed participants to code and com-
pare 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 1st Pass to see how participants tackle
Branching Code Paths and measure user performance (time to com-
pletion, accuracy) in each layout setting. Participants could move
cells/change cell order, write new code (e.g. loops), duplicate cells,
and more. For the 2nd Pass (Revisit Pass), participants could use
their prior work 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. We designed the 2nd Pass to emulate revisiting an analysis
with different data. User performance measurements in each layout
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setting for this pass were gathered as separate columns from the
measurements for the Initial Pass; all measurements were correctly
linked to the participant whose performance generated them. In
addition, we added the time taken in each pass by user into a final
column of measurements, Both Passes. With two conditions (2D
Freeform in SAGECells, 1D in Jupyter) and three passes with time
to completion measurements (1st Pass, 2nd Pass, Both Passes) for
each condition, we gathered a total of 6 columns of measurements.

4.3.2  Branching Code Paths in Data Science. The study task is a
simple example of Branching Code Paths, chosen so all participants
could complete the task with limited time. Still, this example could
emulate more complex examples of Branching Code Paths in how
users approach them and how they might organize branches in 2D.

4.3.3 SAGECells Training. The participants lacked experience with
SAGECells, so we did 10 minutes of demonstration on navigation,
running individual cells and groups of cells, and duplicating cells.
Users then spent 5 to 10 minutes practicing to become more com-
fortable with SAGECells in SAGE3.

4.4 Survey Questions Design

We designed surveys to evaluate user perceptions of the usability
of 2D SAGECells versus 1D Jupyter Notebooks to answer RQ4. We
divide our discussion of survey questions into two areas: Session
Surveys and Post-Study Survey.

4.4.1 Session Surveys. The 1D and 2D user study session surveys
had identical questions except for the layout referenced. After each
task pass, users rated and explained their confidence level and
explained their strategies. After completing both task passes, users
answered Likert-scale questions about layout usability in relation to
navigation, finding information, coding and comparing Branching
Code Paths, revisiting the analysis, and large display usage.

4.4.2  Post-Study Survey. After completing both sessions, users
reported their perceptions of the usability of 1D and 2D computa-
tional notebooks in the Post-Study survey, starting with a 7-point
Likert-scale matrix (from Strongly Prefer 2D to Strongly Prefer 1D)
asking which notebook type participants would prefer for tasks
such as navigation, dealing with Branching Code Paths, and data
exploration and preparation. Next, users filled out a 7-point Likert-
scale matrix (from Strongly Agree to Strongly Disagree) with 6
statements; half were pro-1D and the other half were pro-2D, with
each kind interleaved in the statement order. Users could then elab-
orate on their answers to the first two Likert-scale matrix questions
before proceeding. On the next page users filled out a 7-point Likert-
scale matrix (from from Strongly Prefer 2D to Strongly Prefer 1D)
on which notebook type they preferred for data science and analysis
projects of varying length and type; they could then elaborate on
their answers to this matrix question. On the final page were three
qualitative answer questions focusing on differences in strategies
for 1D and 2D notebooks, perceptions of the usefulness or useless-
ness of 2D notebooks, and what features users would like to see
added to SAGECells and SAGES3, followed by a final opportunity to
share any remaining thoughts.
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4.5 Data Analysis Process

We divide the data analysis into three areas: Strategy Labeling,
Performance and Usage Metrics, and Survey Questions.

4.5.1 Strategy Labeling. To help answer RQ1 and to answer RQ2,
we first labeled each strategy used by participants with SAGECells
in SAGES3 as nonlinear or linear. Nonlinear strategies organize cells
in 2D space such that no single straight line in the 2D plane can
intersect all relevant cells; if such a single line exists, then the cell
organization used is a linear strategy, and thus should be effectively
replicable in a 1D, top-down notebook. 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.
o If true, we labeled the layout strategy as linear.
o If false, we labeled the layout strategy as nonlinear.

Since switching from a linear strategy in the Initial Pass to a nonlin-
ear strategy in the Revisit Pass required steps unrelated to revisiting
the analysis that users who had already implemented a nonlinear
strategy would not need to do, we labeled user strategies based on
their cell organization at the time of completing the Initial Pass.
Also, we only considered relevant cells to avoid classifying users
who dabbled briefly with 2D space usage only to use a more familiar
linear strategy (e.g. loop in a single cell) as nonlinear. Finally, we
did not require users to make a nonlinear strategy in order to 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 our previous exploratory work [37].

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 notes outside
the analysis screen (e.g. on paper) for both 1D and 2D.

4.5.2  Performance Metrics. For Time to Completion, we used coun-
terbalancing to minimize the effects of order. Since completion time
is often not normally distributed (as noted in our earlier work [35]),
we took several steps to strengthen the validity of our analysis. First,
we calculated the mean and standard deviation for each condition
for the 1st Pass, 2nd Pass, and Both Passes. Next, we tested the
differences between paired results for statistical significance with
both the parametric Paired T-test and the non-parametric Wilcoxon
Signed-Rank Test for Paired Samples [91] to better evaluate any
potentially significant results and gather potentially useful data
like Cohen’s d for effect size and Cohen’s d’ corrected for power
analysis usage [21]. Statistically significant differences were then
tested for normality of distribution with the Shapiro-Wilk Test [76]
and for outliers with the Grubbs Test [33]. Finally, an appropriate
power analysis was conducted for significant results.

For Accuracy, participants earned 1 point for selecting all cor-
rect answers and an additional point for not selecting any wrong
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answers; with 8 points per pass, each condition (1D, 2D) had 16
possible points. A Paired T-test was used to test differences.

4.5.3  Survey Questions. For the Post-1D and Post-2D questions, we
created and analyzed a boxplot (see Fig. 5) of the ratings by layout
(1D or 2D). As in our previous work [35], 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 [23]; we then calculated mean and median differences 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.

5 Results

We divide our results into three areas: Strategies and Layouts Used,
Performance Metrics, and Survey Questions.

5.1 Strategies and Layouts Used

We divide results on strategies and layouts used into two sections:
Strategies and Layouts in 2D, and Strategies in 1D.

5.1.1 Strategies and Layouts in 2D. Per Table 1, most participants
(68%) used a nonlinear strategy and layout (RQ2); 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 (RQ3). Review of layouts showed
these participants organized code cells into two main design pat-
terns found in our prior work [37]: Multi-Column, a single row of
columns like in Fig. 1, and Grouped Combinations, a nesting of rows
and columns to create more complex structures like in Fig. 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.

Table 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 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

Of the “Linear Strategists”, four used a single column, one used
a single row, and one wrote a loop in one cell to show all outputs.
In the 2nd 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 [37] and
strategy (RQ2); this change is not reflected in Table 1, as it focuses
on the initial pass. Given that 2/3 of the Linear Strategists started
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Figure 4: Example Grouped Combinations layout.

Table 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

with 2D, it may be that some users struggle to decide how to use
2D space even after being briefly trained (RQ3). Finally, 9 of the 19
users took external notes in the freeform 2D condition.

5.1.2  Strategies in 1D. After the 1st Pass using a Jupyter Notebook,
we found that 14 of the 19 participants used the Overwrite and
Re-Run strategy; the other five used the Looping strategy (RQ2).
One participant created a custom function to generate all outputs
for each branch given the parameters and then used it in 10 cells,
one for each branch. In the 2nd Pass in 1D, two of the Overwrite
and Re-Run users switched to the Looping strategy. Finally, 16 of
the 19 users took external notes in the 1D condition.

5.2 Performance Metrics

We divide results on performance metrics into two sections: Accu-
racy and Efficiency.

5.2.1 Efficiency. As seen in Table 3, when considering all partici-
pants regardless of strategy, there was not a statistically significant
difference in efficiency (RQ1). After excluding participants who
used a linear strategy in 2D, we found that the mean time to com-
pletion for 2D was lower in the 1st Pass, 2nd Pass, and Both Passes,
as seen in Table 4; howwever, only the 2nd Pass had a statistically
significant difference with a Cohen’s d effect size of approximately
69.0%. The lack of significance for the 1st 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.

Our testing for normality and outliers on the differences between
1D and 2D conditions for the 2nd Pass post-filtering indicated that
these paired t-test assumptions were likely met. The p-value in
the Shapiro-Wilk Test for normality was approximately 0.433, well
above the usual 0.05 threshold, and the G value in the Grubbs Test
for outliers was approximately 1.90, less than the G-crit value of
2.33. Thus, we conducted a power analysis of the 1-tailed paired
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Table 3: Pre-Filtering Time to Completion Results
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Table 6: Post-2D - Post-1D p-values and Differences

Value | 1st Pass | 2nd Pass | Both Passes Item ‘ Paired T-Test ‘ Wilcoxon ‘ Mean ‘ Median
1D Mean | 919.21 504.84 1424.05 Navigation 0.607 0.593 - -
1D STD | 317.98 208.48 506.84 Quickly Find Info 0.285 0.334 - -
2D Mean | 1012.95 | 429.68 1442.63 Coding Branches 0.097 0.098 - -
oD STD | 383.87 190.47 59759 Comparing Branches 0.008 0.013 1.421 1.000
1-Tailed t-test p-value | 0.211 | 0.093 0.455 pevisit and Relearn | - 0.099 el el Mo
1-Tailed Wilcoxon p-norm | 0.266 0.089 0.476 seot Largescreen | 285 =222 ‘ ‘

Table 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

Table 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

t-test on this subset of the data using the corrected Cohen’s d’
(approximately 67.6%) [21]; the resulting 1-tailed paired t-test power
was approximately 74.2%. If we had at least 15 participants, this test
would have, by our calculations, at least 80% power.

5.2.2  Accuracy. Per Table 5, the accuracy was slightly lower on av-
erage in 2D in both pre- and post-filtering, contrary to our previous
results from 2D Jupyter [36], but neither case was statistically sig-
nificant. Still, this slight drop in accuracy might suggest increased
cognitive load or some other challenge in 2D (RQ1).

5.3 Survey Questions

We divide survey results into three areas: Post-1D and Post-2D
Questions, Post-Study Questions, and Qualitative Comments.

5.3.1 Post-1D and Post-2D Questions. Per Fig. 5, freeform 2D (SAGE-
Cells) seems similar to 1D in ease of navigation and quickly find-
ing info; 1D seems worse in ease of coding branches, comparing

branches, revisiting and relearning, and large screen use. However,

in our study only differences in comparing branches, revisiting and

relearning, and large screen use were statistically significant, with

2D being preferred per the positive values of the mean in Table 6

(RQ4). Of note is that (Ease of) Revisit and Relearn had the smallest

difference, with a mean less than 1 and a median of 0.

5.3.2  Post-Study Questions. Per the heatmaps in Figs. 6, 7, and 8,
the vast majority of participants had a positive view of the freeform
2D notebook environment. Per Fig. 6, the median results found 2D
at least slightly preferable for each common data science task men-
tioned; no participants preferred 1D for comparing results, while
six users preferred navigation in 1D (RQ2). Per Fig. 7, the median

Ease of Navigation 4

Quickly Find Info

Ease of Coding Branches

item

Ease of Comparing Branches

Ease of Revisit and Relearn

Use of Large Screen

Rating

Figure 5: Boxplots of subjective usability results by layout.

results never found 1D better than 2D, even with the pro-1D state-
ments. Notably, participants found having more notebook cells on
the screen beneficial, setup time in 2D worthwhile, and 2D note-
books more preferable than 1D notebooks. Still, seven participants
found the simplicity of 1D notebooks beneficial. Per Fig. 8, partici-
pants 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 (RQ4).

5.3.3 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 note-
book, 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 mem-
ory and spatial encoding of meaning, both key features of Space to
Think [2], along with the increased efficiency from physical naviga-
tion [4] as opposed to the required virtual navigation in 1D (RQ2).
The results are summarized in Table 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 Discussion

We focus discussion on 4 areas: How Affordances Affect Layouts,
Efficiency in Linear vs. Nonlinear Notebooks, Usability Benefits of
Nonlinear Notebooks, and Design Challenges and Opportunities.
We also note limitations in our study, as well as future research
directions inspired by this work.
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Strongly

TASK Prefer2D Prefer2D Prefer2D Neutral

Navigating through the notebook 4 3

Locating items (code, results) in the notebook
Dealing with Branching Code Paths
Organizing/cleaning a notebook

Presenting a notebook

Data exploration and preparation

Performing analysis and development
Comparing results

Collaborating on a shared notebook

[S e I I 7]
B WO w ook 0O
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Slightly Slightly Strongly
Prefer 1D Prefer1D Prefer1D Median
4 2 4 2 0 Slightly Prefer 2D
7 0 0 1 0 Prefer 2D
1 2 0 2 0 Prefer 2D
2 3 2 1 0 Prefer 2D
2 3 0 1 1 Prefer 2D
2 5 2 1 0 Slightly Prefer 2D
5 3 2 0 0 Slightly Prefer 2D
1 0 0 0 0 Prefer 2D
2 6 0 1 1 Slightly Prefer 2D

Figure 6: Heatmap of Preferred Layout for Various Data Science Tasks.

Strongly

CONDENSED STATEMENT
1D Simplicity improved performance over 2D Complexity
1D used available screen space better than 2D

Agree

1D increased my confidence in my answers over 2D

2D showing more code cells improved perfermance over 1D
2D setup time is worth it for benefits provided

2D notebooks are what would | would use instead of 1D

(= I - - R e

Agre:

[ BN R X}

Agree a Disagree Strongly
e little Neutral alittle Disagree Disagree Median
4 1 4 4 3 Disagree a little
0 3 3 ] 4 Disagree a little
1 9 2 3 2 Neutral
3 1 0 a 0 Agree
4 1 0 a 0 Agree
6 1 0 1] 0 Agree

Figure 7: Heatmap of Agreement Level with Statements (Pro-1D statements first and then Pro-2D statements).

Strongly
Prefer Prefer

CONDENSED STATEMENT 2D 2D

Short, small data analysis project 1 0
(few branches, iterations)

Longer-term data analysis project 4 10
(many branches, iterations)

Project with Hyperparameter 5 s
tuning

Project with comparing several 7 s

different algorithms

Slightly Slightly Strongly
Prefer Prefer  Prefer Prefer
2D Neutral iD D 1D Median
2 4 2 7 3 Prefer 1D
2 3 0 0 1] Prefer 2D
4 2 0 0 1] Prefer 2D
2 1 1 0 0 Prefer 2D

Figure 8: Heatmap of Preferred Layout for Various Data Science Project Types.

6.1 How Affordances Affect Layouts

Of note is that 37% of our users made a Grouped Combinations
layout, while only 24% made such a layout in our earlier exploratory
work [37]. One should note that the set of software affordances
available in the freeform nonlinear notebook of SAGECells differs
from the affordances suggested by the use of Miro boards as a
scratch space to explore nonlinear arrangements; SAGECells, at the
time of this study, could not make directed graphs for run order, and
the screen space provided could not show all 10 columns at once
while maintaining legibility for code and results. Given the avail-
able screen space and features, especially the ability to run a single
column or row of cells in order, it makes sense that more partici-
pants made a Grouped Combinations layout than a Multi-Column
or Linear layout, separately; after all, Grouped Combinations lay-
outs could fit everything on the screen in a way that makes sense
to users and makes the most of the available affordances (RQ3).
Fork-It by Weinman et al. [87] introduces an interesting affor-
dance: forking, or the temporary creation of a multi-column portion,
or fork, within a linear notebook. They found users appreciated
forking for exploration and even containing messes. However, the
ephemeral nature of forking limits its applicability for revisiting
and/or reusing explored alternatives, as well as for presenting narra-
tives outside the main story. Users in our study, on average, reported

preferring 2D notebooks for presenting and slightly preferring 2D
notebooks for exploring data and performing analyses; this sug-
gests that preserving explored alternatives for potential later use,
a capability that SAGECells enable, is valuable (RQ4). Still, there
may be value in permanently discarding some explored alternatives,
perhaps to avoid spatialized messiness.

6.2 Efficiency in Linear vs. Nonlinear Notebooks

In our previous work on 2D Jupyter [36], we found efficiency gains
on common comparative 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. 3. 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 dif-
ference on the Revisit Pass (RQ1). Given how comparative analyses
and revisiting and reusing analyses, one of which has been demon-
strated to benefit from 2D notebooks [36] 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
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Table 7: Qualitative Themes in Study Surveys
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Theme [ Sample Quote [ # 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 simultaneously is the best usefulness of the 2D 4
computational notebook”

Spatial Encoding Meaning | “I think 2D computational notebooks are very useful for data science problems because I 3
feel like the way you can organize information is better than the way you would with a
1D notebook.”

Physical Navigation Good | “The rapidness of moving your head side to side to compare data or moving your eyes up 3
and down is much easier [compared to] having to scroll down a page”

Easier Navigation “A 2D Notebook was much easier to navigate and perform data analysis as compared to 3
1D notebook.”

Good Use of Display “With the 2D notebook, I could arrange the cells in different groups and fully utilize the 3
screen space.”

2D Challenges 8

Training Needed “2D is helpful, however the time required to understand what to do could enhance the 5
barrier to entry”

More Complex Navigation | “I think if I was more comfortable with the controls, I would be able to navigate around 5
more easily”

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 3

Prefer 2D “SAGE is a really amazing platform to perform data analysis... I think this really has a 4
good potential to improve developer productivity and CS education.”

Prefer 1D “I preferred 1D, I think it’s cleaner and easier to navigate and I also think it has the same 1
flexibility as 2D. I could take notes on paper, so this would make up for the shortcomings
when using 1D”

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 po-
tential 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 decisions; while this
setup time comes at a cost, our participants agreed that the cost
seemed worth it, per Fig. 7, for the benefits provided.

6.3 Usability Benefits of Nonlinear Notebooks

SAGECells, as a freeform, nonlinear 2D computational notebook,
may provide benefits over rigid 1D notebooks. Per Fig. 6, our users
preferred locating items, comparing results, presenting a notebook,
and dealing with Branching Code Paths in a 2D notebook (RQ2).
These potential benefits, per Table 7 and past literature [2, 4], may
be due to how nonlinear notebooks, when combined with a large
display, can enable Space to Think [2]. Four participants noted
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 [4].

6.4 Design Challenges and Opportunities

While freeform nonlinear 2D notebooks have benefits, they also
have challenges like cognitive load and more complex navigation.

SAGECells, as a completely freeform 2D notebook, does not
impose a particular structure on users; instead, users can create
their own structures that may use their screen space and mental
models better. However, having to organize code cells seems to
have a cognitive cost (RQ4). With how approximately 25% of our
participants felt more training and practice with SAGECells would
improve their performance, it becomes clear there is a cognitive
hurdle that thoughtful solutions could help address. Potential solu-
tions for this issue include the creation and use of organizational
templates, having an Al 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
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upon the 2D canvas. Whether such tools would be effective enough
and how effective they would be is an open area for future research.

On another note, while three users expressed that navigation
was easier in SAGE3 with SAGECells, five users’ sentiments suggest
freeform 2D notebooks require more complex navigation than 1D
notebooks (RQ4). Although this issue for freeform 2D notebooks
could be addressed through more practice and experience, it is
important for designers to try to minimize the cost of increased
complexity in virtual navigation while maximizing the usefulness of
physical navigation. After all, large physical displays are not always
accessible, especially when traveling, so freeform 2D computational
notebook designers should strive to make virtual navigation easy
and intuitive while also empowering physical navigation.

6.5 Limitations

Our work may have limitations such as demand bias, large display
as confound, ecological validity, and small sample size.

6.5.1 Demand Bias. Demand bias occurs when participants know,
or think they know, the research agenda and thus change their ac-
tions; our results may be affected by this. Still, given the qualitative
feedback, this potential effect might not be a major concern. For
example, some of the expressed benefits of freeform 2D notebooks
relate to prior research on large displays for sensemaking (Space
to Think [2] and physical navigation [4] especially), and the partic-
ipants were likely generally unaware of this prior research; thus,
the authors suggest genuine benefits have been uncovered.

6.5.2 Large Display as Confound. This study used a single large
high-resolution display with greater width than height; such a
screen may benefit the 2D study condition without providing simi-
lar benefits for the 1D study condition, introducing a confounding
factor. Similarly, the size of the large display used is atypical for most
data science practitioners. Still, it is possible that freeform 2D note-
books could still benefit such users even with a more moderately-
sized screen; after all, our work on 2D Jupyter [36] used a mere
24-inch monitor and still found statistically significant benefits. Fur-
thermore, as larger, higher-resolution displays continue to become
more affordable, the atypicality of larger screens may change.

6.5.3 Ecological Validity. The ecological validity of our experiment
is bounded by the artificial constraints imposed by the study pro-
tocol. Participants performed a predefined analytic task within a
standardized interface using supplied data and standardized analy-
sis processes. This contrasts with real-world data science practice,
where problem framing, data acquisition, iterative hypothesis gen-
eration, and collaborative code sharing evolve organically over
longer time scales. Furthermore, the study task is a simple example
of Branching Code Paths and may benefit more from some SAGE-
Cells features (e.g. duplicating cells with code) than other, more
complex instances of the pattern. While additional features and user
adaptions could help address these issues, the degree to which our
findings translate to everyday analytical work remains uncertain.

6.5.4 Small Sample Size. Our study had a relatively small cohort
of participants. While this enabled intensive measurements, it may
have limited statistical power and increased vulnerability to other
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confounds (e.g. individual differences in spatial cognition). Addi-
tionally, the modest sample size restricts the precision of effect size
estimates and precludes robust subgroup analysis (e.g., by age or do-
main expertise). Our further filtering of participants for additional
analysis extended this limitation. While we worked to address the
concern of generalizability with our power analysis, the potential
for additional confounds to have affected our results remains.

6.6 Future Work

This study compared a rigid 1D notebook with a freeform 2D note-
book to test, as a sanity check, for differences in performance
and perceptions; it also explored user behavior in an implemented
freeform 2D notebook. Future freeform 2D notebook research could
study usage “in the wild” and run further controlled experiments.

“In the wild” testing may more clearly elucidate benefits and
challenges of using freeform 2D notebooks to better inform fu-
ture designs; such works could provide more ecologically valid
observations on user behaviors and perceptions, and the effects of
variables like screen size, task types, other nonlinear patterns, de-
sign decisions (e.g. rigid vs. freeform), and more. Further controlled
experiments could build on such “in the wild” works to measure
and statistically test effects of variables like those above. Of par-
ticular interest are how screen size differences affect behaviors,
perceptions, and outcomes with freeform 2D notebooks, how rigid
2D compares to freeform 2D, and what causes such differences.
Comparing 2D notebooks with 3D notebooks (e.g. In et al [41]) may
also prove valuable. These research directions may help inform the
next generation of spatialized notebooks.

7 Conclusion

Computational notebooks are a versatile, popular tool for creating
and presenting computational narratives, but their linear, 1D, top-
down organization may contribute to user issues, such as using
larger displays effectively and dealing with Branching Code Paths.
Rigid 2D computational notebooks showed benefits, but users may
prefer more control; thus, we designed and evaluated SAGECells
as a sanity check on the potential of freeform 2D notebooks.

The freeform nonlinear 2D computational notebook environ-
ment of SAGECells in SAGE3 [80], when used with a nonlinear
strategy, provides some benefits in efficiency as it relates to re-
visiting 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 du-
plication of code cells, especially in the Multi-Column and Grouped
Combinations patterns found in our previous work [37]. 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 computa-
tional notebook organization through enabling innovative spatial
patterns and Space to Think.
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