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Abstract

Data has been a key driver behind recent advances in science, engineering, and artificial
intelligence. As datasets have grown larger and more complex, the primary bottleneck
has shifted from access to data towards the human effort required to interpret it. Human
expertise is essential to understand datasets, however generating this understanding during
analysis remains a time-consuming and manual process. Many AI modeling failures are,
at their core, data problems—issues that might have been addressed earlier with better
tools for understanding the data. Data visualization facilitates understanding through visual
representations, however existing approaches to visual data exploration introduce friction
that slows users down, requiring manually defining charts and interactions through code or
context switching to a new analysis tool. How can we build flexible and lightweight systems
to help people more quickly understand their data?

This thesis develops systems for Interactive Data Profiling that accelerate data explo-
ration through a fast feedback loop between interactive interfaces and data programming
workflows. We first motivate this problem through a large-scale interview study and sur-
vey of data scientists that reveals the potential for tools to help users manage the repetitive
code used for data profiling. We then discuss the design, implementation, and evaluation
of three systems that develop the approach of interactive data profiling. First, we describe
AUTOPROFILER, a system that augments programming environments with automatic data
profiles that show summaries of the data in memory and update as a user programs. We
then extend this approach with SOLAS which tracks the history of a user’s analysis code to
create data profiles adapted to the current task and user interest. User evaluations demon-
strate how the lightweight visualizations and fast feedback loops enabled by these systems
help users quickly identify important patterns and data quality issues. Finally, we present
TEXTURE, a general-purpose text exploration tool that enables users to iterate on attributes
for describing their text and then explore results in the interactive UI. Expert user stud-
ies show how TEXTURE enables more efficient exploration and helps users uncover new
insights from their text datasets.

Together, these tools establish how to situate interactive data profiling within data sci-
ence workflows to enable a fast feedback loop between manipulating data and inspecting
the results. As data remains an increasingly important component of modern work, in-
teractive data profiling systems can play a critical role in enabling faster, more reliable
understanding of the data behind models and decisions.
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Chapter 1

Introduction

In today's data-rich world, more and more applications are powered by insights derived
from data or AI models trained on vast amounts of data. Data drives treatment decisions
in healthcare, informs news stories in data journalism, helps businesses understand current
and future trends, and has fueled recent advancements in Arti�cial Intelligence (AI). How-
ever, this proliferation of data means that it is increasingly dif�cult to actually make sense
of it. As Hebert Simon pithily observed: “A wealth of information creates a poverty of
attention” [149].

This observation still rings true today when analyzing and modeling data. Data is over-
abundant, yet high-quality data can be scarce. This combination makes it hard to appro-
priately direct attention when working with large datasets. For example, prior research has
shown that many popular AI model benchmark and training datasets contain label errors,
duplicates, and ambiguous data points that make evaluation dif�cult [35, 72, 155]. Other
estimates describe identifying and cleaning dirty data as 80% of the cost of data warehous-
ing projects [26].

The sheer quantity of data available for analysis and potentially poor quality mean
that it is critical that users have tools that can help them properly explore and understand
their data. Despite advancements in automated techniques for detecting quality issues and
mining insights from data, human judgment remains essential for interpreting data within
speci�c analytical contexts. Users must apply their domain and contextual knowledge to
make sense of distributions and handle issues like outliers, poorly labeled instances, or
missing data [76].

Dealing with quality issues and exploring results are all part of the process of Ex-
ploratory Data Analysis (EDA). EDA involves examining sample values, statistics, and
summary visualizations to pro�le a dataset and discover data insights that can guide next
steps [156, 165]. Importantly, EDA not only happens once at the beginning of an analysis
but occurs iteratively as users manipulate, clean, and add new results to their data [5, 75,
165]. After each iteration, users must re-pro�le their data to understand the latest version.

While modern data programming and visualization tools have become increasingly per-
formant and expressive, users must still manually create visualizations and summaries to
pro�le their data. Open-source libraries make it possible to create custom data transfor-
mations and visualizations for exploring datasets [119, 142]. However, leveraging these
tools effectively requires signi�cant time and expertise. Surveys of data scientists indicate
that nearly half of their time is spent on data cleaning and visualization alone [8]. Since
understanding datasets is dif�cult and time-consuming, this critical step is often bypassed
in favor of downstream tasks such as model training or statistical testing. This neglect can
lead to harmful data cascades, where initial issues compound, ultimately compromising
model performance in high-stakes domains like healthcare and loan allocation [141].

1



1.1 Interactive Data Pro�ling

In this thesis, we investigate how to design tools that help users quickly explore, pro�le,
and understand their data. Data science work�ows are inherently iterative: users repeat-
edly acquire new data, clean it, train models, examine results, and revisit earlier steps as
new insights emerge [5, 75, 165]. Yet existing data exploration tools are not optimized
for these iterative work�ows. Many systems operate as standalone applications, requir-
ing users to repeatedly export data from their programming environments, analyze results
externally, and then return to programming. Even within programming environments, man-
ually creating visualizations after each step introduces friction and delays feedback. This
thesis explores how to design integrated data exploration tools that streamline iteration,
enabling users to more easily pro�le each version of their dataset throughout analysis (see
Figure 1.1). This integrated approach reduces the feedback loop between data manipulation
and understanding, ultimately facilitating more effective data analysis.

Figure 1.1: Traditional data work�ows emphasize the iterative nature of working with data; how-
ever, tools are still designed for exploration as a stand-alone step.Interactive data pro�ling con-
siders how to to design data exploration tools that are easily accessible from each step in analysis to
speed up the feedback loop of data understanding.

We discuss the design, implementation, and evaluation of three different systems that
develop the approach of interactive data pro�ling. These systems focus on increasingly
dynamic forms of data pro�les—�rst offering the same pro�le for every dataset in memory,
then presenting data pro�les that adapt based on historical data interactions, and �nally
offering an approach for �exibly pro�ling data attributes for unstructured data as they are
de�ned by a user.

We �rst describe how tabular data pro�ling tools can be designed to offer faster feed-
back as users program with their data. Interactive programming environments like compu-
tational notebooks have become the tool of choice for data science because they enable the
type of iterative and incremental programming that is characteristic of data science [140].
Accordingly, visualization tools have been developed to help users visualize their data in
computational notebooks [96, 120, 138]. However, we �nd that these tools fail to offer
the fast feedback necessary to truly enable rapid EDA while programming with data. We
therefore present the design of two systems designed to speed up the feedback cycle while
notebook programming with tabular datasets: AUTOPROFILER and SOLAS. AUTOPRO-
FILER integrates automatic data pro�les into computational notebooks that automatically

2



update after each interaction with the data. Through these data pro�les, users can quickly
inspect a summary of each dataset in memory then drill down into individual columns and
insights. SOLAS then explores how to make these data pro�les more dynamic by consider-
ing theprovenanceof the dataset and tracking the history of a user's interactions to adapt
data pro�les to the current task and user's interest. We discuss the designs of these sys-
tems, their implementation, and user studies that show how they make it easier for data
scientists to understand their tabular datasets while programming by automating many of
the repetitive steps of manual EDA.

The �nal part of this thesis extends these ideas beyond tabular data to support the explo-
ration of unstructured text corpora. Understanding collections of text documents is essential
in �elds from computational social science to NLP, and requires �rst de�ning meaningful
representations—such as words, phrases, topics, or classes—and then building visualiza-
tions to pro�le these attributes. In current work�ows, users must manually construct each
pro�ling visualization, making it dif�cult to link insights across views through interaction
and slowing the feedback cycle in analysis

To address these challenges, we introduce TEXTURE, which enables fast pro�ling and
interactive exploration of text datasets. TEXTURE provides a con�gurable data schema
for categorizing descriptive text attributes and an interactive interface for exploring them.
Building on the work�ows developed in the previous systems, TEXTURE adds an additional
layer by allowing users to explore different structured representations of their text data
within the same interactive environment. We present the design and implementation of
TEXTURE and report results from a user study with expert users. Our evaluation shows
that TEXTURE is both expressive across domains and effective in helping users uncover
new insights in their text data.

1.2 Thesis Statement

This thesis hypothesizes that interactive systems for data pro�ling can accelerate users'
understanding of their data and help them effectively explore datasets and discover issues.
Interactive data pro�ling tools create a fast feedback loop between interacting with data
and visualizing results by automatically generating visual pro�les within programming en-
vironments that update as users code, adapting pro�les based on users' analysis history, and
enabling users to de�ne custom attributes from unstructured text and interactively explore
the resulting visual data pro�les.

1.3 Thesis Overview

Chapter 2 discusses background and prior research on interactive data visualization, ex-
ploratory analysis, and data pro�ling tools.

Chapter 3 presents a motivational interview and survey study on how developers manage
and reuse the code they write for data analysis. The results of this study reveal different
strategies developers use to re-purpose previously developed code for new tasks, including
dif�culties with reusing code for common repetitive tasks like exploratory data analysis.

3



Figure 1.2: An overview of the systems presented in this thesis.

We discuss how the �ndings from this study inform the design of tools to help people save
time during analysis by speeding up exploratory analysis.

Chapter 4 presents AUTOPROFILER, a system that augments computational notebooks
with a live data pro�ling sidebar that automatically pro�les data in memory and updates
when the data changes. This design enables users to rapidly see an overview of their dataset
as they iterate during analysis, speeding up the feedback loop between making changes and
verifying the results. We present the results from a lab study and longitudinal case study
evaluating how scientists use AUTOPROFILER during their work, �nding that AUTOPRO-
FILER helps users learn key information about their datasets without having to write any
extra code and enables users to notice unexpected patterns in their data.

Chapter 5 describes how SOLAS extends the ideas of tabular notebook pro�ling presented
in AUTOPROFILER by incorporating a user's analysis history through the code they write.
Tracking analysis history enables task-speci�c data overviews and ranking overview vi-
sualizations according to a user interest model in each column. We discuss how SOLAS

models user interest by tracking the history of analysis code and the results from a user
evaluation that shows that users �nd the task-speci�c visualizations enabled by SOLAS to
be more helpful than a baseline.

Chapter 6 then discusses how to develop interactive data pro�ling tools for text data.
While AUTOPROFILER and SOLAS support exploration of structured tabular data, many
critical work�ows involve unstructured data such as text. Text exploration poses distinct
challenges since the data cannot be easily pro�led into a single overview visualization. To
address this, we frame text exploration as a structured data problem, where arbitrary de-
scriptive attributes derived from text—such as words, phrases, topics, or embeddings—can
guide interactive exploration. We present TEXTURE, an interactive system that enables
users to de�ne these structured attributes through a con�gurable schema. TEXTURE then
automatically visualizes structured attributes in interactive charts linked back to the text,
allowing users to rapidly �lter, explore, and form new hypotheses. Through an expert user
study with real-world datasets, we demonstrate how TEXTURE shortens the feedback loop
between hypothesis formulation and validation, enabling users to uncover critical quality
issues in their datasets and learn new things even in datasets they had previously analyzed.

Chapter 7 concludes this thesis with a discussion of impact and future research opportuni-
ties.

4



1.4 Prior Publications and Authorship

While I am the principal author of this research, this thesis is the result of years of collab-
oration with my advisors Dominik Moritz and Adam Perer along with co-authors on each
individual paper. At the beginning of each chapter, I include references to prior publica-
tions.
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Chapter 2

Background & Related Work

This chapter discusses background material and related research. First, we discuss the users
who work with data and their tasks. We then motivate the importance of data understanding
for data analytics and AI work�ows. We conclude with an overview of prior systems to help
users explore data while programming.

2.1 Who Programs with Data and What are They Doing?

Many different kinds of users program with data. Several previous researchers have de-
scribed these users, their goals, and needs. Early descriptions of data scientists describe
how the most universal skill among data scientists is the ability to write code to extract-
ing meaning and insight from data [29]. End user programming has long studied users
who do “programming to achieve the result of a program primarily for personal rather
than public use” [89]. This is distinct from professional developers like software engineers
since the code is a means to achieve an end, rather than the end in itself. Guo similarly
describesresearch programmersas users who are “writing programs to get insights from
data” [56]. Another de�nition comes from Kery who describesexploratory programming
as a “programming task in which a speci�c goal or a means to that goal must be discovered
by iteratively writing code for multiple ideas” [79]. This builds on earlier de�nitions that
describe the iterative software support needed for AI development [145].

These prior characterizations have several elements in common. First, for data sci-
entists, programming is a critical tool but is a means to an end rather than the primary
objective. This leads to the second observation that iteration is key when working with
data. Data scientists iterate on their data, on visualizations, on models, and on results to
explore different ways of making sense of and using their data. The importance of iteration
in�uences the choice of tools that data scientists use to work with their data (like com-
putation notebooks) and also the design of Interactive Data Pro�ling tools that must work
within highly iterative work�ows.

Iteration is a central element of prior task frameworks that describe the work�ows and
tasks data scientists go through when developing machine learning models or using visual-
izations to understand their data. Piroulli and Card describe the process of data science as a
sensemaking activity [127]. Data analysis starts from raw data which is then �ltered to �nd
evidence. This evidence is organized into schemas and hypotheses and �nally evaluated
for presentation. They describe the challenges in �nding relevant information, along with
ensuring that evidence is wholistically considered.

Kandelet al. [75] describe a �ve step process for enterprise data analysis and visual-
ization consisting of data discovery, wrangling, pro�ling, modeling, and reporting. In their
de�nition, data pro�ling refers to understanding a dataset, potential quality issues, and as-
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sumptions they can make about their dataset such as each attribute's distribution. Later
task models describe the Exploratory Data Analysis (EDA) process with very similar steps,
and emphasize the iterative nature of analysis [5, 165]. While working with data, analysts
continually iterate between these different steps as they learn about their data and explore
different paths. Data exploration and understanding is not an atomic step of this process
but something that occurs continually throughout analysis [5]. Similar breakdowns of the
process of developing Machine Learning or AI models emphasize the iterative nature of the
process as developers de�ne a model goal, prepare their data, train the model, evaluate and
then iterate [6]. The Interactive Data Pro�ling tools presented in this thesis are designed
for iterative analysis. They focus on providing a fast feedback loop between writing code
to manipulate data and seeing visual representations of the results so that users can spend
less time transitioning between activities and more time making progress in analysis.

Prior research has also studied how developers debug their programs, a process in-
volving both program comprehension [137] and sensemaking to �x issues [52]. Similarly,
when working with data, practitioners must �rst understand what is in a dataset and then
investigate any resulting issues. Many of the dif�culties in making sense of software also
apply to data, as developers often struggle to connect abstract observations to concrete
�xes. Techniques aiding program comprehension and debugging, such as explanatory de-
bugging [88], have informed approaches to help users interpret data-intensive systems like
machine learning models [91]. Data programming includes additional challenges beyond
traditional programming because it demands both software engineering and data compre-
hension skills [6, 66]. While program correctness can often be objectively measured (e.g.,
through tests), data quality may depend on context and can only be evaluated by the end
user performing the data work in their context [54].

2.2 Understanding Datasets Through Visualization

Ensuring data quality and understanding what is present or missing in a dataset are funda-
mental to analytics and modeling. Failing to fully understand the data introduces risks. Re-
cent research has highlighted how with the increasing emphasis on developing AI models,
people often undervalue data quality which compounds into negative downstream effects
like poorly performing models in deployment [141]. As the popular “garbage in, garbage
out” adage for machine learning warns: poor data yields poor outcomes.

However, dataset issues are often not discovered until after an analysis is completed or a
model deployed, affecting both industrial settings and widely used benchmark datasets. For
example, Swayamdiptaet al.[155] found that many dif�cult instances in Natural Language
Processing (NLP) benchmarks stem from mislabeled data, and similar issues appear in
Computer Vision benchmarks, where the only remaining errors in some benchmark datasets
are largely because of label errors [159].

Data visualization can help people understand their data and spot potential issues by
engaging the human perceptual system [21]. As Shneiderman says: “the purpose of vi-
sualization is insight, not pictures” [70], re�ecting the use of visualization to offer deeper
insight into the trends or observations that lie within a dataset. These insights can take
many forms, from “Aha!” moments when a user �nds something surprising in their data,
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to more rote observations like understanding the distribution of an attribute or the presence
of outliers [12, 19, 20]. Data insight often involves connecting data facts with the domain
knowledge that an analyst already has [20, 100]. This domain knowledge and the context
in which data is used is critical for a user to make a decision on if an observation is actually
a meaningful insight or error.

Using visualizations to understand a dataset has been a longstanding best practice.
Tukey was an early advocate for plotting distributions and summary statistics through Ex-
ploratory Data Analysis (EDA) to get to know your data before con�rmatory analysis (hy-
pothesis testing) begins [156, 157]. Traditional approaches for Exploratory Data Analysis
(EDA) and Visual Analytics emphasize the importance of exploring datasets throughout
analysis and using visualizations combined with data mining algorithms to understand
data [78, 156]. Current best practices taught in university statistics courses still empha-
size the importance of starting analysis with summaries of individual columns, such as
distributions and descriptive statistics, before moving on to plot combinations of columns
or investigating correlations [143]. However, little research has explored how to best de-
sign tools that integrate data exploration directly into the programming work�ows where
the majority of data work happens.

2.3 Automatic Data Visualization and Pro�ling

Despite the importance of data understanding and visualization, it still proves challenging
and time consuming for users. Multiple surveys of production data scientists routinely
describe the dif�culty and time spent on data understanding, pro�ling, and wrangling [8,
75, 85]. For example, a recent Anaconda foundation survey described that data scientists
self-reported spending almost 50% of their time on data cleaning and visualization [8].

Visualization recommendation systems aim to automate the visual presentation of data
to speed up the data understanding process. Visualization recommendation typically has
two goals: (1) helping analysts follow best practices by creating visualizations that are
both expressive and effective, and (2) removing the tedium of crafting visualizations to
make the exploration process faster and more robust [59]. Some systems automate visual
presentation and then rank charts according to metrics of interest such as high correlation
[32], charts that satisfy a particular pattern in the data [147], or emphasize “data variation
over design variation” to explore a wide range of attribute combinations [167, 168]. Other
tools explicitly consider data quality in visualization like the Pro�ler system which checks
data for common quality issues such as missing data or outliers, and presents charts to the
user indata pro�lesthat highlight potential issues [76]. We adopt this term throughout this
thesis to refer to any data overview visualization as a data pro�le.

Many of the visual analytics systems for exploration follow Schneiderman's Visual In-
formation Seeking Mantra: “Overview �rst, zoom and �lter, then details-on-demand” [146].
This presents a common interaction paradigm where systems can �rst provide an overview,
then support follow up queries throughinteraction(zoom, �lter, details). The Interactive
Data Pro�ling tools in this thesis incorporate these ideas for data programming work�ows.
They show data overviews quickly and easily, then allow users to ask subsequent questions
through interaction (either through code or through the GUI).
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2.4 Meeting Users Where They Work: Supporting Data Program-
ming

While many visualization recommendations tools provide algorithms and interactions to
facilitate data exploration, they were not designed for a programming centric work�ow,
making it hard for data analysts to incorporate them into their existing tool stack [5]. For
data work, this means integrating into the Python and Jupyter ecosystems.

Python has become the dominant programming language for data work, overtaking
JavaScript as the most popular language on Github (a code sharing website) in 2024 [150].
This surge in popularity can be attributed, in part, to widely used open-source Python li-
braries for data science, such as Pandas for data manipulation [119], PyTorch for AI model
training [24], and Jupyter for computational notebook programming [129]. Computational
notebooks provide users with an interactive and iterative programming environment that is
highly conducive to the iterative work of data analysis and visualization [123, 140]. Prior
research has explored how to make data programming easier in computational notebooks
from helping users track versions of their analysis [79] to cleaning up the messy code in
notebooks [58].

Researchers have begun to explore how to integrate visualization recommendations into
notebook-based programming. Lux [96] and other open-source tools [14, 55, 120, 138]
provide on-demand exploratory data analysis (EDA) information for individual Pandas
dataframes. Meanwhile, other tools examine how to balance interacting with data either
through code or a graphical user interface (GUI). Although programming languages are
�exible and expressive, GUIs are often more responsive and easier to use [5]. Some prior
notebook systems have attempted to bridge this gap by automatically writing interactions
made through charts [170] or widgets [82] back into the notebook environment.

The Interactive Data Pro�ling tools introduced in this thesis build on these earlier ef-
forts, offering automatic data visualization capabilities both within the notebook environ-
ment and Python programming work�ows. AUTOPROFILER and SOLAS focus on deliver-
ing rapid feedback during notebook programming, enabling a tight feedback loop between
writing code and inspecting results. TEXTURE helps users understand unstructured text
datasets in Python work�ows, where the notion of an “overview visualization” requires
iterating on different summary attributes to pro�le.

2.5 Interactively Exploring Data

Prior research has explored enabling dataset interactions to support follow-up analysis.
Data visualization frameworks like Vega-Lite allow users to make chart selections that
�lter other visualizations [142]. Similarly, Mosaic expresses interactions as SQL predicates
to support large-scale dataset interactions [61]. Other work links data interactions back to
programming environments, such as B2 [170], which persists chart interactions as notebook
code, and Mage [82], which provides an API for interactions across notebook GUIs and
code. This thesis builds on these patterns to support interactions with data pro�les beyond
the initial overview. Both AUTOPROFILER and SOLAS focus on user interactions through
code to manipulate data before pro�ling the results. AUTOPROFILER includes interactions
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similar to Mage, writing code to the notebook on the users behalf based on the data pro�le.
TEXTURE supports interactions in the interface for cross-�ltering data pro�le charts.
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Chapter 3

Motivating Study on Coding Practices in Data
Science

This chapter is adapted from the following published paper:

[38] Will Epperson, April Yi Wang, Robert DeLine, and Steven M. Drucker. “Strategies for
reuse and sharing among data scientists in software teams”.ACM ICSE-SEIP. 2022.

3.1 Summary

This chapter describes an interview study and survey that explore how data scientists reuse
and share the code they write for analysis. Since data science relies on code closely coupled
with data, we investigated how data scientists work with this data-centric code, which tasks
are frequently reused in future analyses, and how tools might support repetitive program-
ming tasks involving data. Our �ndings identify �ve strategies that data scientists employ
to manage their data-centric code, including the practice of usingtemplate notebooks—
pre-existing scripts or notebooks that serve as customizable starting points for new tasks.
These notebooks are useful for repetitive work�ows like exploratory analysis, where users
want to ask similar questions or generate similar visualizations, even when the underlying
data schema changes for a new dataset. This pattern highlights the need for lightweight
overview tools to address common analysis questions and help users quickly understand a
dataset's contents. In this chapter, we detail the methods and �ndings from our interviews
(N=17) and survey (N=132) conducted with data scientists at Microsoft.

3.2 Introduction

As software engineering developed into a mature discipline, the ability to effectively share
and reuse code has become a critical factor for success [46, 53, 87, 90]. Particularly as
organizations grow, information management becomes both more dif�cult and more im-
portant. This information takes the form of actual source code but also the documentation
for this code, speci�cations around the problem the code was initially created to solve, and
who to talk to in an organization to learn more about the code. Well executed software
reuse leads to fewer problems in code, less effort spent correcting problems, and higher
developer productivity [110]. Technologies such as version control [48] have become com-
monplace to help keep track of versions between �les and principles like “DRY” (Don't
Repeat Yourself) are baked into software developers' minds.
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However, the �eld of data science presents new and unique challenges in terms of shar-
ing and reuse. Thepeoplewriting the code come from different backgrounds, thecode
itself lives in a variety of formats including raw text �les, computational notebooks, and ad
hoc queries, anddatapermeates the entire analysis process.

Data scientists are a relatively recent role on software development teams, and they
work alongside established roles like software developers, operations, and program man-
agers [13, 84, 86, 107, 108]. In the industrial setting, data scientists are often not directly
responsible for the data they analyze. Their partners, the data engineers, collect, store, and
maintain datasets that data scientists access for their analysis [84, 86]. For teams whose
services use machine learning (ML), data engineers also deploy, scale out, and maintain
ML models that data scientists create [6]. Further, some data scientists work on their own
team's data, some act as a centralized service working with several product teams, and
some act as consultants working with third-party companies.

A data scientist's work is often exploratory or ad hoc in nature and involves using
data to craft analyses, models, and visualizations that are reported outside of the coding
environment [86]. At Microsoft, each data science team is free to go about this process
however they see �t which leads to a wide variety of approaches. To scale model and
inference pipelines into production, this process is handed off to adjacent data engineers.

This unique role for data scientists has led to new approaches and problems for code
reuse and sharing. The exploratory, open-ended nature of data science coding impacts the
incentives for investing time into reuse. For instance, if code is only used to answer a one-
off analysis question, there is less incentive to invest the time into making this a reusable
function. Furthermore, reusable code for data analysis must support customization and
adaptation since each data analysis is slightly unique.

In this work, we speci�cally focus on the reuse of analysiscodeas it relates to data
science work. This code is almost always coupled with data assets for the analysis, however
we consider the versioning and reuse of data itself outside the scope of our study. Decisions
about the team's data management are often made at the team level and are subject to
corporate policies, customer agreements, laws and regulations. Data scientists typically
enjoy more agency over the data analysis code than over the data itself. Hence, we focus
on their work practices and pain points around the data analysis code as a topic where the
research community can usefully intervene. Additionally, we focus on the reuse of code
developed within teams or organizations rather than external library use.

By “reuse” we refer speci�cally to the consumption of code or other artifacts from
previous work. This might be the author of that work reusing their own past analysis or
that of someone else. On the other hand, by “sharing” we refer to the production of code or
other artifacts for oneself and then providing it to someone else for another task. The acts
of sharing and reuse might be viewed as two sides of the same coin; unique practices exist
for both facets.

To provide a better understanding of how data scientists go about both reusing and
sharing past work, we conducted interviews with professional data scientists to understand
their current practices related to sharing and reuse of analysis. From these interviews we
synthesized �ve different strategies for sharing and reuse that we developed into a survey
to understand how these approaches generalize across a larger population. In the remainder
of this chapter, we �rst present related work regarding sharing and reuse in data science,
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followed by a discussion of our study methodology. We then discuss the strategies for
reuse and sharing generated from our interviews and survey, along with determinants of
reuse that encourage or discourage sharing and reuse among data scientists. Lastly, we
discuss opportunities for future work to address unmet needs for sharing and reuse in the
practice of data science. In summary, this chapter contributes:

1. Based on an interview study and survey with 149 professional data scientists, we
characterize �ve primary strategies for sharing and reuse of analysis code.

2. We report our participants' determinants and obstacles for sharing and reuse practices
and discuss implications for future tools.

3.3 Background and Related Work

3.3.1 Reusing and Sharing in Software Engineering

Reusing and sharing code bene�ts software developers by saving their time and resources
to build and maintain applications, while maintaining code simplicity [46, 53, 87, 90].
Effective reuse relies on concise and expressive abstractions [90]. Using various form of
abstractions, common strategies for software reuse include high-level languages, ad hoc
code scavenging, and source code components such as libraries [90]. In particular, with
the growth of open source software, library reuse has become a prevalent practice in soft-
ware engineering [1, 63, 139]. Library repositories like NPM and PyPI have facilitated the
sharing, discovering, and management of third-party libraries, which lead to the increasing
usage of third-party libraries among software developers [1, 139]. This huge demand fur-
ther incentivizes the creation and implementation of third-party libraries. However, library
reuse has its limitations. Xu et al. found that developers would replace an external library
with their own implementation if the library is over complicated or not �exible to satisfy
their needs [172]. In data science, code is less formal compared to traditional software
engineering [107]. Although data scientists generally bene�t from libraries for performing
common data operations and computations, these libraries tend to be low level. The prac-
tice of sharing and reusing entire analyses or work�ows in data science remains unexplored
and worth investigating. Thus, our work aims to reveal the reuse and sharing practice in
data science programming, understand the different reuse decisions between traditional
software engineering and data science, and identify design opportunities for facilitating
reuse to improve work ef�ciency.

3.3.2 The Process of Data Science

Several researchers have investigated what steps data scientists go through in their work
and how they seek to coordinate their efforts. Machine learning product development in-
volves iterations of a process that begins with gathering model requirements and ends with
model deployment and monitoring [6]. Throughout this process, data scientists, domain
experts, team leaders and software engineers collaborate in unique roles as indicated by
tool use (technical vs non-technical users) [175]. In this process, Jupyter notebook users
tend to think less about future use of their code even though notebooks are touted as a more
readable platform [175].
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Several large scale reviews of computational notebooks have documented that despite
the bene�ts of computational notebooks, they can encourage bad coding practices because
of unexpected execution order and a lack of modular code [126, 140]. For example, Rule et
al discovered that nearly half of the 1 million Jupyter notebooks they scraped from Github
were uploaded with non-linear execution orders [140]. These notebooks serve a variety of
purposes like data exploration, places to store code, or for ad hoc versioning of analyses.
However, analysts must invest time and effort to clean up their notebook to make it repro-
ducible or reusable by others. Our investigation is distinct in that we take a broader look at
how data scientists speci�cally reuse and share their work across all platforms.

3.3.3 Tools for Data Science Work�ow Management

Several platforms have been developed to help data scientists share code while program-
ming. Git is a widely used version control system that lets users manage version of raw
�les for software projects [48]. However git does not work well for comparing versions
of rich text �les like computational notebooks. Systems like Verdant augment notebooks
to better support versioning by tracking a user's analysis history [80]. Our work discusses
unmet needs for sharing and reuse in data science that future tools might address.

3.4 Methods

To better understand the state of the art in sharing and reuse practices in data science today,
we conduced semi-structured interviews with 17 data scientists at Microsoft. To ensure the
generality of our �ndings, we then developed a survey that was completed by an additional
132 data scientists. Both studies were approved by an Internal Review Board, and all
participants signed consent forms. Interview participants were each compensated with $25
USD gift card. Survey participants were entered into a raf�e for three $100 USD gift cards.

3.4.1 Interview Study

For our interviews we recruited 17 participants from a pool of data scientists chosen at
random from the employee database, based on their job titles, levels, and business units. In
particular, we recruited data scientists from software product or service teams and excluded
those from non-product units like Research and Legal. We conducted the interviews in
one-hour sessions where we asked about the participants' sharing and reuse practices as
an individual and as a member of their team. These interviews were transcribed and then
analyzed for themes. Speci�cally, two of the authors re-read the transcripts, coded them,
and card sorted the codes to come up with themes. The authors then discussed the themes
until a consensus was reached. The interviews revealed both common strategies for reuse
as well as factors that encourage and discourage reuse. Throughout this chapter, interview
participants are called informants, and their quotes are designated with “IP”.
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3.4.2 Survey

To assess the generalizability of our identi�ed themes, we ran a survey with data scientists
drawn at random from the same pool as the interviews. In total, 132 participants �lled out
our survey, out of 563 invited (23% response rate). The survey asked for the following
information:

• Background about the respondent's years of experience, tool usage, and team size;
• For each of the �ve strategies:

– Frequency of reuse;
– How the reuse happens (e.g. copy-paste, function call, etc.);
– What functionality is reused;
– How reused work is found;
– Frequency of sharing;
– Additional work required for sharing

• In�uences on their willingness to do reuse and sharing
• Best practices and pain points for reuse and sharing

The survey took 10–15 minutes to complete. Throughout this chapter, survey participants
are called respondents, and their quotes designated with “SP”.

3.5 Participant Backgrounds

Our informants (9 male, 8 female) had experience ranging from 2–14 years of profes-
sional data analysis work. All informants were from different teams. They had a range of
educational backgrounds, including �elds like statistics, math, or computer science. Our
respondents (85 male, 46 female, 1 did not say) reported a range of professional experience
in data science from 3 months to 35 years, with a mean of 8.6 years.

3.5.1 Study Context

Our study is conducted at Microsoft, a large software corporation. At Microsoft, data
scientists work both on dedicated teams and also within software engineering teams. There
exists little standardization across teams mandating how data scientists must go about their
work. This leads to a wide variety of tool usage and reuse strategies.

3.5.2 Team Composition

The informants are either members of dedicated data science teams, situated within larger
product teams or work on product teams alongside software engineers. The survey respon-
dents report team sizes ranging from 1–22 people, with a mean of 8 people (after removing
outlier responses). However even on teams with many data scientists, most projects involve
only one or two of them: 74% of respondents work either alone or in pairs on projects. An-
alysts communicate with team members throughout their project to communicate results,
seek help, and to �nd code for reuse (see Section 3.8 for details), however most projects
only involve one or two data scientists actually touching the code or data. This is starkly
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different from large software projects within Microsoft that may have dozens of developers
iterating on a single, interdependent, code base.

As noted in prior literature, much of the work done by data scientists is exploratory
in nature and their coding practices re�ect this. Data scientists will often begin an analy-
sis, but if it turns into something recurring or the model they built must be scaled up for
production deployment, the code will be handed over to an adjacent software engineering
team. Several of our informants expressed admiration for the high quality code produced
on production teams and claimed it was far superior to their own in terms of organization,
commenting, and style. One of our interview participants (IP6) noted that the software
engineers they work with “write pretty fabulous code in terms of readability and actual
usability”.

3.6 Tools shape ability to share and reuse

The interview participants use a variety of tools to do their work. The most popular lan-
guages used were Python, R, a query language for large-scale relational queries (Cosmos/S-
COPE), and a query language for large-scale telemetry data (Kusto Query Language/KQL
[109]). Analysis was done in a combination of computational notebooks (Jupyter, Visual
Studio Code Notebooks, and Databricks) and integrated development environments. How-
ever, even data scientists on the same team rarely used the exact same tool stack. The tool
chosen to write code is often shaped by how and where the data is stored, which in turn
shapes the sharing practices afforded by the tool.

For example, several teams used Databricks for writing their analyses [27]. Databricks
allows code to be written in a variety of languages including Python and R in a compu-
tational notebook interface. Teams using these tools developed reuse strategies around
notebooks such as template notebooks and notebook libraries (Section 3.8.3). Yet other
teams that do most of their analysis using KQL developed strategies to share their work
through the tool where they write their queries.

Lastly, many participants noted that the �nal output of their work is often not the code
itself. This in turn shapes both the practice of reuse, as well as the incentives to invest in
creating reusable code. Results are presented as PowerPoint presentations, text documents,
or dashboards. This �nding is consistent with prior literature about how artifacts of data
analysis are shared outside of the computing environment [175]. The consumers of these
results seldom ask for the code that generated the results they are seeing. This is distinct
from traditional software engineering where the outcomeis the code. For data science, the
outcome is theresultof the analysis.

3.7 What functionality is reused?

Informants mentioned a variety of tasks for which they share and reuse code. In this section,
we discuss these tasks in aggregate across all reuse strategies, from most to least common
task.

Data preprocessing, transformation, cleaning.The most commonly reused data sci-
ence code is for data preprocessing. This includes cleaning data, transforming data between
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formats, and generally processing data into a usable state before analysis can begin. Since
data analysis pipelines often start with raw, uncleaned sources, reusing code that cleans and
formats data for analysis helps speed up this process and ensures that the cleaning is done
consistently. Reusable cleaning code can also encapsulate idiosyncratic details of how data
is represented in different data sources.

Reading and writing data. The second most common reuse task was reading and
writing data from sources. Since many data sets are too large to �t locally on an analyst's
machine, data scientists frequently read and write data (samples) from the same data stores
or submit jobs to run on cloud servers. Working in the cloud often involves con�guration
details like access keys and resource IDs, which are hard to remember and therefore often
copy-pasted from previous work. Informants also reuse queries that are shared within a
team for commonly accessed data or to make sure different analyses are looking at the
same slice of the data. For example, IP5 mentioned that engineering teams often share a
query to pull anomalous data that needs further analysis: “we interact with the engineers
on the team who can help us understand the telemetry better and identify what is the right
query to use for certain things.”

Modelling and evaluation. Code for creating and evaluating models is also frequently
reused. Data scientists are often creating very similar models since their data is semanti-
cally similar over time. For example, some teams only do time series forecasting and thus
use models appropriate for time series data. Other teams deal with natural language text
data and so use state of the art deep neural nets for language processing tasks. This reusable
modelling code can be individual snippets or entire modelling pipelines.

Data visualization and reporting. Our informants often create similar visualizations
during the course of a project and reuse these across projects. They reuse visualization code
when the data is similar across projects, when the task is similar (for example, showing
model performance), or to reuse the work of �nding the desired visualization parameters.
Furthermore, several informants mentioned that they like to maintain a similar style across
their charts so reuse common code to do this styling, depending on which visualization
library they are using. Informants also create dashboard templates for tools like Power BI
to save time and maintain consistency.

Miscellaneous tasks.Various other tasks were mentioned with less frequency, but still
offer some breadth as to what data scientists view as worth sharing and reusing. For in-
stance, some teams focusing on ML model development maintain library functions for post-
processing, model selection, and model ensembling. Others reuse code that runs pipelines
for analysis, composing many of the aforementioned steps together. These pipelines allow
data scientists to iterate faster on models by automating tedious steps such as hyperparam-
eter selection or data formatting.

3.8 Approaches to Reuse and Sharing

Since each informant works on a different team, each reported a slightly different approach
to sharing and reuse in their work, shaped by the kinds of data they used and their team's
sharing structure. We thematically grouped their sharing and reuse strategies into �ve dis-
tinct strategies. Some strategies are personal, namely copying previous work and keeping a
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Figure 3.1: We bin usage rate into three categories: daily or weekly usage asFrequent, monthly,
seasonal, or yearly usage asSometimes, andNeverfor respondents who never use a strategy. Using
personal past work is the most frequently used strategy, and notebook templates the least frequent.

personal utility library. Other strategies are team-wide efforts: sharing notebooks, creating
template notebooks, and developing shared libraries. Every survey respondent usedat least
oneof these strategies to share and reuse their code. We discuss three strategies in detail
since they relate to broader elements of data debugging.

3.8.1 Personal analysis reuse

The most basic form of reuse is to look at one's own past analyses as a reference for current
work. This code is only maintained by a single individual and is not shared. Nearly every
respondent participated in this form of reuse at least sometimes (97%). Local analysis
code is reused for all of the tasks mentioned in Section 3.7, from data processing to model
evaluation. As one respondent (SP63) described, “Anything I know I did before, I reuse it.”

Data scientists �nd prior work almost exclusively by memory since they are the primary
author of these �les. Furthermore, there is a range in which local analysis �les are tracked
through version control. Some informants put all of their analysis in a (personal) Git repos-
itory. Though, it is of note that this is primarily so that the code �les can be accessed on
another machine rather than to track versions of �les. Others leave their analyses on the
local �le system.

The majority of analysis code stored locally is reused via copy and paste. A common
case is cloning code from one computational notebook to another, then adjusting the code
to suit the current context. When the reused code is a series of top-level statements rather
than class or function de�nitions, it cannot be imported and called as an API. (Turning
the reused code into a library is discussed in the next section.) In our survey, the next
most common way of reusing this code was simply looking at it for reference and the least
common was importing the code.

As data scientists work on a variety of projects over time, they store their analysis
code. Often, this takes the form of messy analysis notebooks or scratch �les to produce
a certain result for an analysis. These notebooks and �les are not cleaned before storage
by adding extra comments or documentation as participants do not necessarilyanticipate
reusing them in the future. In this sense, reusing local analysis code is opportunistic reuse
– when the code is initially written the data scientist is not sure if they will use it again in
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the future and does so when the time arises. This also means reusing in this way requires
little effort since minimal prior planning is required.

The bene�t, and drawback, of this strategy is its ease – all it takes is putting �les in some
form of �le structure and then �nding relevant �les later. Projects that begin in local �le
storage might later make it into a different form of reuse if they need to be shared with oth-
ers. This low effort setup can lead to issues like multiple saved versions of the same �le or
the same analysis with incremented suf�xes (“analysis-v1”, “analysis-v2”, “analysis-v3”,
...). However, since data scientists are searching over code that they wrote they generally
�nd it easy to �nd past analysis stored in this form. Several interview informants intention-
ally organized previous analyses by project or data store to aid in future search.

3.8.2 Personal utility libraries

Similar to local analysis code, some participants have developed a personal “utility library”
of common functions or code snippets they �nd themselves repeating. This utility library is
only used and maintained by a single individual. However, this strategy is distinct from the
local folders of analysis code in that code is intentionally cleaned up before being stored in
the library. The code stored in personal utility libraries is often short (no more than a dozen
lines), restructured into a callable API (class and function de�nitions), and parameterized
so it can be used in new contexts. This code might be used for all of the different tasks
mentioned in Section 3.7 from data cleaning to visualization.

Since this code has been restructured into a callable API, the most common way re-
spondents use this code is by importing or calling it directly. However, copy and pasting
from the personal utility library is still very common. For such small snippets of code, it
can be just as easy to copy and paste into the development environment such as the current
analysis notebook. In a similar fashion to personal analysis code, most functions in a per-
sonal utility library are found by memory since the author has an intimate knowledge of
the code contained therein.

Data scientists add new things to their personal utility library when they notice they
repeat a task often enough it is worth cleaning up into a reusable function. Over time, this
evolves into a utility library of assorted functions and templates for various tasks:

“These �les are just calls which I have been using for three or �ve years now.
I just constantly go to them again and again and again. So, I extracted these
very, very generic common things in single repo called utils that each �le just
does a single thing.” - IP12

Personal utility libraries bene�t data scientists by increasing productivity for common
tasks. In particular, the search cost for �nding code is very low since data scientists know
what is in the library by memory. The only real cost of maintaining a personal utility library
is the time investment to create reusable components for common tasks. However, since
these libraries are only made for personal use there is little risk that this work will go to
waste.
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3.8.3 Team shared template notebooks

Typically, computational notebooks have issues of non-reproducible code that limit their
ability to be shared and reused [140]. However, as they have grown into the de facto
tool for data science, users have developed strategies for making notebooks more reusable,
namely throughtemplate notebooks.

Template notebooks are normal computational notebooks that have been cleaned up
and generalized for a certain task. This cleaning can take many forms. Some teams put
parameters at the top of the notebook and leave “TODOs” in the comments to �ll in these
parameters before running the notebook like a function. Over time, each of these task-
speci�c notebooks come together as a sort of “library” for common code on the team.
These notebooks are intentionally cleaned so that they will run top to bottom without issue.
In this way, template notebooks are run more like a traditional python script rather than
an interactive notebook. Several informants also discussed using the%run command in
Databricks, which allows one notebook to invoke another like a function, including param-
eter passing.

Alternatively, a single notebook may contain numerous common functions in anote-
book as a library(NAL). For example, IP6's team has a centrally shared Databricks note-
book that has numerous commonly used functions. These functions are cleaned and ab-
stracted before addition to the NAL. Yet when these functions are reused, they are copy
and pasted out of the shared notebook rather than imported. This notebook is essentially
a traditional software engineering library – similar functions grouped together under one
umbrella. However it lives insame placeanalysts do their work.

Some tools have extra functionality that supports the use of template notebooks and
NALs. For example, Databricks allows notebooks to be parameterized so that they can be
run as a function (top to bottom) with new parameters or a default value (see [28] for more
details on this syntax). Some of our informants have developed whole analysis pipelines
using this functionality where one notebook does data cleaning and then calls another note-
book to do modelling, and so on.

Template notebooks were used least frequently among the surveyed responses. This can
be attributed to two main factors. The �rst is that not every notebook shared with teammates
is atemplatenotebook. Past analyses that are tightly coupled with a particular data source
are shared on team-wide stores but unless they are cleaned to the extent they can be run
independently, they are not a template. Secondly, there is limited tool support for template
notebooks outside of the Databricks environment, which was used on a limited number
of teams. AddingTODO comments to Jupyter notebooks was one alternative strategy,
however executing Jupyter notebooks as a function is uncommon.

Template notebooks are most commonly accessed from Git repositories for Jupyter
based templates or within an analysis ecosystem such as Databricks, where tool features
best support reuse. Even for notebooks stored in a version-controlled Git repository, par-
ticipants seldom use common Git operations like branching and merging. Rather, they use
Git as a remote store for their work that others have easy access to, more similar to any
cloud storage location. Several participants even mentioned they are not very comfortable
with Git work�ows and it is something they would like to work on.

Code is most commonly reused by copy and paste or (if the tool supports it) by calling
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the code directly. As is the case with all forms of shared code artifacts, the most common
way among survey respondents to �nd relevant notebook templates is by communicating
with teammates. However, the next most popular response was based on memory indi-
cating that most shared notebooks are for small, modular tasks that data scientists easily
remember.

Our interview informants mentioned that most notebook template additions are done
by a select few members of their team. However, everyone has the ability to share new
templates. The division between reuse versus sharing frequency also holds for notebook
templates: the modal response for adding new template notebooks is seasonally, whereas
they are most commonly used weekly.

Why do data scientists use shared template notebooks rather than a library? One reason
is that template notebooks are more compatible with where they do most of their work. If
a reused notebook contains lots of visualization or table output, this most easily re-runas
a notebookrather than a separate library. Another reason for template notebooks is that
they support tweaking the code to the analysis at hand. As SP131 says, they use template
notebooks “when the code requires customization when applied to different scenarios.”
Another motivation, from SP46, is that template notebooks are useful for “Just about any
situation involving analytics. Sharing notebooks is far easier and portable than making a
code library. For Data Scientists at least.”

Creating template notebooks is often faster than creating a traditional library. For ex-
ample, survey respondents mentioned they chose to create template notebooks because of
“Extreme time constraint which limits the time I can spend on doing things the right way”
(SP43) or “Most of the time because the �ow is easier” (SP24).

3.9 Discussion

In preceding sections, we have presented interview and survey results onhowdata scientists
go about sharing and reusing past analysis; here we delve into a discussion ofwhy. We
also distinguish how reuse in data science is distinct from reuse in traditional software
engineering and present opportunities for future tools to improve the experience of sharing
and reuse in data science.

3.9.1 Code Is Not the Deliverable in Data Science

Throughout our interviews and survey, data scientists repeatedly mentioned how the code
that they write is separate from their project deliverables. In data science, the outcome
of an analysis is not the analysis code itself, but whatever insights, models, or datasets
are produced from that analysis. These insights are delivered through slide decks, word
documents, and interactive dashboards. However, the consumers of these artifacts rarely
care about the analysis code itself or might not have the technical skill set to understand all
the code that went into producing the analysis output. Future tools might investigate how
to tie presentation artifacts such as charts or tables back to the code and data used to create
the artifact to help speed up this iteration cycle and support reuse at the presentation level
as well.
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Furthermore, many analyses are one-off, unrelated requests. Non-code deliverables and
one-off analyses ostensibly combine to create disincentives for sharing and reuse. Despite
this, reuse and sharing are still very common. Data scientists realize how much reusing past
analyses improves their productivity by avoiding re-work. This different incentive struc-
ture leads data scientists to adapt common software engineering reuse strategies to their
needs. The reuse of personal code and team wide libraries have strong parallels with typ-
ical software reuse whereas personal utility libraries, shared analysis stores, and notebook
templates developed out of the unique needs for code reuse in data science. Future work
might attempt to quantify the bene�ts of reusing past code, for instance in terms of the time
required to complete an analysis.

3.9.2 Need for Modular and Reusable Data Science Tools

Given the need for customization, it is dif�cult to create modular data science analysis
components. Libraries are typically used for components that change little over time, like
data access APIs. However full analyses need to be customized almost every time and so
are more likely to be shared using a customizable interface like a computational notebook.

There are few tools that support this kind of interaction. The best example in the tools
surveyed was the%run syntax in Databricks for running notebooks as functions discussed
in Section 3.8.3. This feature allows the parameterization of notebooks. However, if note-
books need to be customized beyond the available parameters, data scientists will often just
clone and edit the notebook.

Observable offers a notebook style interface for JavaScript programming that lets users
import cells from any other Observable notebook [17]. Observable is most often used for
visualization creation; future work might explore how cell-level imports can aide shar-
ing and reuse in other data science programming environments. Additionally, future tools
might investigate how to combine modularity at the functional level withmodular analyses
that can be customized to the current data by allowing the addition or deletion of entire
analysis steps.

3.10 Limitations

Our interviews and survey are subject to several limitations. We only interviewed data
scientists from a single company with a relatively mature data science practice. However,
even within one company not every data science team had uniformly mature reuse practices.
We expect these results will generalize to other data scientist populations; some of the
issues described may even be felt more acutely by smaller organizations with less organized
data science practices. However, future work might explore this explicitly. For our survey,
incorrect branching logic caused not all participants to see the Likert rating questions at the
end. We report all survey results as percentages of those that responded; skipped questions
or no responses are excluded from reported counts.
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3.11 Conclusion

This chapter presents the results of 17 interviews and a 132 person survey and how and
why data scientists reuse the code they write for analysis. Our investigation revealed data
scientists reuse work through �ve strategies ranging from ad hoc reuse of their personal
code to template notebooks for a task. Furthermore, the dif�culty in creating modular,
reusable code components that work within current tools underlies why code reuse is more
challenging in data science than traditional software engineering. This study highlights
the need for general purpose tools that �t into data scientists' existing work�ows and
handle common, repetitive tasks.

The strategy of template notebooks highlights how code reuse is most powerful when
coupled with the ability to interact and customize. Participants would craft template note-
books for a task like exploring their data, but often times data exploration requires further
interactions with the data that are not in the original template. We build on this insight in
the following chapters to create tools that offer initial data views to speed up exploration,
but also are �exible enough to interact with the data in order to ask task-speci�c questions.
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Chapter 4

A UTO PROFILER : Continuous Data Pro�ling for
Tabular Data

This chapter is adapted from the following published paper:

[36] Will Epperson, Vaishnavi Gorantla, Dominik Moritz, and Adam Perer. “Dead or Alive:
Continuous Data Pro�ling for Interactive Data Science”.IEEE VIS. 2023.

Figure 4.1: In AUTOPROFILER, data pro�les update whenever the data in memory updates. This
enables a fast feedback loop between (1) authoring new code to transform a dataset and (2) immedi-
ately pro�ling the results. AUTOPROFILER also includes interactions for writing insights from the
interface back to code, such as exporting charts.

4.1 Summary

This chapter introduces two of the core technical contributions of interactive data pro�ling:
providing automatic data pro�les and facilitating fast feedback after interactions. We intro-
duce the idea ofcontinuous data pro�ling as a process that allows analysts to immediately
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see interactive visual summaries of their data throughout their data analysis to facilitate fast
feedback while programming with data. AUTOPROFILER supports continuous data pro�l-
ing by: (1) automatically displaying data distributions and summary statistics to facilitate
data comprehension; (2) includinglive updates where overview visualizations are always
accessible and react to data updates; (3) supporting follow up analysis and documentation
by authoring code for the user back to the notebook. In a user study with 16 participants,
we evaluate two versions of our system that integrate different levels of automation: both
automatically show data pro�les and facilitate code authoring, however, one version up-
dates reactively (“live”) and the other updates only on demand (“dead”). We �nd that both
tools, dead or alive, facilitate insight discovery with91% of user-generated insights orig-
inating from the tools rather than manual pro�ling code written by users. Participants
found live updates intuitive and felt it helped them verify their transformations while those
with on-demand pro�les liked the ability to look at past visualizations. We also present a
longitudinal case study on how AUTOPROFILER helped domain scientists �nd serendipi-
tous insights about their data through automatic, live data pro�les. This system lays the
groundwork for how to design interactive data pro�ling UIs that augment programming
work�ows.

4.2 Introduction

In recent decades, data analysis is no longer bottlenecked by the technical feasibility of
executing queries against large datasets, but by the dif�culty in choosing where to look
for interesting insights [11]. Interactive programming environments such as Jupyter note-
books help since they support fast, �exible, and iterative feedback when programming with
data [5, 123]. However, while these coding tools were designed to track the state of pro-
gram execution and variables for debugging, they were not inherently designed to track
how data is manipulated and transformed. This forces users to manually make sense of and
write additional code to explore their data.

Exploratory Data Analysis (EDA) is critical to understanding a dataset and its limita-
tions and is a common task at the beginning of a data analysis [157, 165]. Yet the manual
effort required to construct data pro�les for EDA takes up a signi�cant part of data ana-
lysts' time: recent surveys of data scientists show that they spend almost 50% of their time
just cleaning and visualizing their data [8]. Since data pro�ling is so time intensive, it is
easy for users to skip over important trends or errors in their data. This can lead to neg-
ative downstream consequences when this data is used for modeling and decision-making
[141]. In particular, many data quality issues are potentially silent: models will still train
or queries will execute, but the results will be incorrect [64]. For example, in the data pro-
�le of apartment prices in Figure 4.1 we can see that some apartment prices have negative
values. If these values are not addressed, analyses or models that use this data may lead to
wrong decisions.

We proposecontinuousdata pro�ling as a process that allows analysts to immediately
see interactive visual summaries of their data throughout their data analysis to facilitate fast
and thorough analysis. To explore how automated tools can best support continuous data
pro�ling, we have built a computational notebook extension AUTOPROFILER that tightly
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integrates data pro�ling information into the analysis loop. AUTOPROFILER maintains the
advantages of the interactive notebook programming paradigm, while giving users immedi-
ate feedback on how their code affects their data. This tightens the feedback loop between
manipulating data and understanding it during data programming.

We explore three main features in AUTOPROFILER. First, it automatically displays
pro�ling information about each dataframe and column to facilitate data understanding.
By showing data distributions and summaries, AUTOPROFILER jump-starts a user's EDA.
Second, when the data in memory updates, the pro�ling information updates accordingly.
“Live” updates in user interfaces have been shown to reduce iteration time [104]; with AU-
TOPROFILER we apply this concept to data pro�ling to understand how it helps facilitate
data understanding. Third, although AUTOPROFILER eliminates the repetitive work of au-
thoring data pro�ling code, users still need to be able to conduct �exible follow-up analysis
and persist interesting �ndings in their notebook [140]. AUTOPROFILER supports this by
authoring code for the user through code exports to help users quickly select subsets, �nd
outliers, or author charts.

We present two complimentary evaluations of AUTOPROFILER. In a user study with 16
participants, we evaluate two levels of automated assistance to see how different versions of
the tool help users �nd errors and insights in their data. Half of the participants used AUTO-
PROFILER(a “live” pro�ler) and the other used a version that presents the same information
but in a static, inline version (which we denote as “dead”). In this evaluation, we found that
users experience similar bene�ts from both versions of the tool, “dead” or “live”, and gen-
erate 91% of �ndings from the tools as opposed to their own code. Participants found live
updates intuitive and felt it helped them verify their transformations while those with static
pro�les liked the ability to look at past visualizations. Furthermore, participants described
how the systems sped up their analysis and exports facilitated a more �uid analysis. In our
second evaluation, we conducted a long-term deployment of AUTOPROFILERwith domain
scientists to use the system during their analysis. These users described how the “live”
system enabled them to �nd and follow up on interesting trends and how AUTOPROFILER

facilitated serendipitous discoveries in their data by plotting things they might not have
checked otherwise. We discuss how future automated assistants can build on AUTOPRO-
FILER to augment data programming environments. AUTOPROFILER is open-sourced and
available for use1.

In summary, this chapter makes the following contributions:

1. We demonstrate the bene�ts of continuous data pro�ling with AUTOPROFILER, which
supports data programming with automatic, live pro�les and code exports.

2. We evaluate this tool in a controlled study and demonstrate how continuous pro�ling
helps analysts discover insights in their data and supports their work�ow.

3. We also present a longitudinal case study demonstrating how AUTOPROFILER leads
to insights and discoveries during daily analysis work�ows for scientists.

1https://github.com/cmudig/AutoProfiler
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4.3 Related Work

Our work builds on prior literature on assisted data understanding, live interfaces, and
linking GUI and code interfaces.

4.3.1 Data understanding is critical yet cumbersome

Understanding data and its limitations has long been an important, but often overlooked,
part of analysis. Data understanding is dif�cult because of a variety of factors, including
that data updates quickly in production environments, so automated methods and alerts
have a high number of false positives [144], current popular tools require manual data
exploration and become messy [123], and as datasets have grown, there are a large number
of issues to check for. Prior systems in the visualization community have addressed parts
of this space such as comparing data over time as models are trained on subsequent data
versions [67] or methods for cleaning up notebooks during analysis [58]. However, more
work is needed to understand how tools can facilitate discovering data and potential quality
issues before they propagate to downstream models or analyses.

4.3.2 Prior assisted and integrated EDA tools

Prior visualization systems aim to automate the visual presentation of data to speed up data
understanding. In general, this automation helps alleviate the burden of specifying charts
so that users can focus more on insights rather than how to produce a speci�c chart [59].
Some systems automate visual presentation and then rank charts according to metrics of
interest such as high correlation [32], charts that satisfy a particular pattern in the data
[147], or contain attributes of interest [167]. Closely related to our work is the Pro�ler
system, which checks data for common quality issues such as missing data or outliers, and
presents potentially interesting charts to the user [76].

However, many of these systems exist in standalone tools, making them dif�cult to
integrate into �exible data analysis work�ows in programming environments like Jupyter
notebooks [5]. Other systems have explored how to integrate visualization recommen-
dations in the notebook programming context as well through visualization callbacks, li-
braries, embedded widgets, and similar notebook search [97, 125]. Lux [95] and other open
source tools [14, 55, 120, 138] show EDA information on demand for individual Pandas
dataframes. While Lux uses “always on” visualization recommendations to overwrite the
default table view for pandas dataframes, users must still ask for visualizations by call-
ing a dataframe explicitly.Diff in the Loop[161] presents a paradigm for automatically
visualizing the differences between dataframes after each step in an analysis. Although
these prior systems use automatic visualization, they still require the user to manually ask
for this information after each data update and often present an abundance of information
that can be dif�cult to compute in reactive times and for users to parse quickly. With AU-
TOPROFILER, we explore the bene�ts and design constraints around coupling automatic
visualization with live updates and code authoring on the user's behalf.
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4.3.3 Liveness in user interfaces

Fast iteration on data and models is a key element to effective data science [44, 144]. The
fast, incremental feedback that users receive in Jupyter notebooks is part of the popularity
of the platform [38, 123], yet the default presentation of data feedback in Jupyter is limited
to a handful of rows. “Liveness” in user interfaces reduces iteration time through reac-
tive updates [104], such as in spreadsheets [65]. Prior studies of liveness in data science
tools have compared live interfaces to REPL (read-eval-print-loop) interfaces like Jupyter
and found users like the responsiveness and clean coding that live interfaces afford [31].
Inspired by the affordances of live, reactive updates, AUTOPROFILER evaluates how au-
tomatically updating data pro�les after a user changes their data can help reduce iteration
time during analysis. When using AUTOPROFILER in Jupyter, users must still explicitly
execute their code to manipulate the data, thus it is not a completely “live” environment.
However, data pro�les reactively update when data changes.

4.3.4 Linking code and GUI interactions

There is a tradeoff between tools that support using code to interact with data or direct
manipulation. Programming languages are �exible and expressive, yet GUIs are responsive
and easy to use [5]. Prior systems in the notebook setting have bridged this gap by writing
interactions with a chart [170] or widget [82] back to the notebook automatically. This
allows users to reuse analysis code and preserves the steps of their analysis. Selection
exports in AUTOPROFILER serve a similar purpose of facilitating drill down into rows of
interest in a dataset. Our code authoring approach differs from prior systems since we only
write code to the notebook explicitly when the user asks, rather than implicitly after every
interaction to avoid polluting the user's notebook.

Beyond their �exibility, programming languages remain popular for data science be-
cause they allow users to reuse old analysis code for new purposes [79], or use analysis
“templates” to help users go through the same steps of analysis for similar tasks [38]. AU-
TOPROFILER's template exports serve a similar purpose to author code in the notebook
and support follow-up analysis for tasks like customizing a plot, doing outlier analysis, or
investigating duplicates.

4.4 Design Goals

We developed the following design goals to inform our system:

G1: Automatic & Predictable:Basic data pro�ling information should be visualized au-
tomatically without any need for extra code in a consistent manner.

G2: Live: When the data updates, so should all visualizations of it. This prevents “stale”
data visualizations in a notebook and allows data pro�les to be accessible throughout
an analysis.

G3: Non-intrusive: Since users are writing code to interact with their data, automatic
visualization should not interfere with their �ow.

G4: Initiate EDA: Data pro�les should present a starting point for understanding each
column, which can inform follow-up analysis.
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G5: Persistence:Tools should support writing �ndings to the notebook to enable repro-
ducible and shareable analysis.

G1 andG2 were motivated by the manual EDA which is the current status quo in note-
book programming. We build on prior techniques in live interfaces [104] and automatic
visualization [59, 95] to speed up the data pro�ling process and enable continuous data pro-
�ling. This eliminates the need to write repetitive pro�ling code to understand dataframes
after each update. Importantly, we show the same pro�ling information for each type of
column and visualize the data “as is” in order to facilitate �nding issues (G1). With live
updates, we situate our pro�ler alongside the programming environment rather than inline
(G3) so that it does not take programmers out of their analysis�ow [45]. This also helps
declutter the programming environment since most preliminary visualization can be done
in the sidebar. We make the design choice to show univariate pro�ling information to help
users jump-start their EDA process (G4). Previous pro�ling systems often require scrolling
to look through multiple pages of charts [95, 120], making it hard to �nd interesting prob-
lems or insights. Our goal is to facilitate rapid data understanding with data pro�les, then
allow users to do further custom analysis by handing off their analysis back to code through
exports. Code exports also facilitate saving �ndings such as charts or code snippets to the
notebook so that notebooks can be shared and reproduced (G5), a core goal in notebook
data analysis [140].

4.5 Continuous Data Pro�ling with A UTOPROFILER

AUTOPROFILER provides data analysts rapid feedback on how their code affects their data
to speed up insight generation. The system �ts into a common existing work�ow for anal-
ysis: using Pandas in Jupyter. Pandas is the most popular data manipulation library in
Python, with millions of downloads every week [119]. Likewise, computational notebooks
in Jupyter have become the tool of choice for data science in Python [123]. AUTOPRO-
FILER focuses on Pandas users in Jupyter with the goal that features that support this work-
�ow will generalize to other dataframe libraries such as Polars [128] or Arrow [9], as well
as other notebook programming environments. The AUTOPROFILERsystem has three core
features that enable continuous data pro�ling: automatic visualization (Subsection 4.5.1),
live updates (Subsection 4.5.2), and code exports (Subsection 4.5.3).

4.5.1 AutoPro�ler shows initial EDA automatically

AUTOPROFILERdetects all Pandas dataframes in memory and presents them in the sidebar
of the notebook. Each dataframe pro�le can be shown or hidden, along with more infor-
mation about each column. This allows users to drill down into dataframes and columns
of interest to see more information, providing details on demand. By situating AUTO-
PROFILER in the sidebar it also allows users to simultaneously look at both summary data
pro�les of their data in AUTOPROFILER and the default instance view inline from Jupyter.

We use the Pandas datatype of the column to show corresponding charts and summary
information. We categorize the Pandas datatypes into semantic datatypes of numeric, cat-
egorical, or timestamp columns similar to previous Pandas visualization systems [39, 95].
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Column pro�les for each of these three data types are shown in Figure 4.2. Each column
pro�le has three core components:

1. Column Overviewwhich contains the name, data type, a small visualization, and the
percentage of missing values.

2. Column Distributionwhich is shown by clicking on the overview to reveal a larger,
interactive visualization of column values.

3. Column Summarythat has extra facts about a column such as the number of outliers
or duplicate values.

The overview, distribution, and summary shown depend on the data type of the column.
Furthermore, the distribution and summary can be toggled on and off to show more details
on demand [146]. This is important for large dataframes with many columns, or when
there are many dataframes in memory to prevent unncessary scrolling. Many visual el-
ements show hints on hover to further prevent visual clutter, providing further details on
demand. Our core charting components were adapted from the open-source Rill Developer
platform which shows data pro�les for SQL queries [135]. We use the same visualizations
in AUTOPROFILER with extra summary information and linked interactions to connect the
pro�le to the notebook.

Quantitative Columns

For quantitative columns like integers and �oats, we show a binned histogram so that users
can get an overview of the distribution of the column. This histogram is shown in the
column overview as a preview; a larger and interactive version is presented upon toggling
the column open. On hover, users can see how many points are in each bin. We also show
numerical summary information like the min, mean, median, and max of the column. This
is similar to what is presented in thedescribe() function in Pandas to give a numeric
summary of a column. In Figure 4.2 (left), we demonstrate this information for a price
column where we can see that some of the prices in this distribution are negative, a potential
error that should be inspected during analysis.

If users want to see more information, they can toggle the summary to see potential
outliers, whether the column is sorted, and the number of positive, zero, and negative val-
ues. We use two common heuristics to detect outlier values. The �rst is if a value is greater
than 3 standard deviations from the mean; the second is if a point falls outside of1:5� IQR
away from the �rst or third quartile. Both forms of outlier detection code can beexported
to codewhich allows users to investigate potential outliers more or change these thresholds
for classifying the outliers with their code manually.

Categorical Columns

For categorical or boolean columns, we �rst show the cardinality of the column in the
overview to let users understand the total number of unique values. Once toggled open,
the distribution view shows the frequency of the top 10 most common values. This is
similar to the commonly usedvalue_counts() function in Pandas which shows the count
of all unique values. In the categorical summary, we show extra information about the
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character lengths of the strings in the column along with a more detailed description of
the column's uniqueness. This uniqueness fact can be exported to code which lets users
inspect duplicated data points. Once again, users can export a selection to code in the
notebook to quickly �lter their dataframe. For example, in Figure 4.2 (center) we show
the information for the categorical column “county”. This column has some default values
of "---" that seem like an error, so a user can click “Export rows to code” to have the
codedf[df.county == "---"] written to their notebook and can investigate these rows
further. Once this new code is written to the notebook, the user can look at this subselection
in AUTOPROFILER or with their own Pandas code.

Temporal Columns

Our last semantic data type is for temporal columns, where we also show a distribution
overview so users can see the count of their records over time. In the larger distribution
view, users can hover over this chart to see the count of values at a particular point in time.
We also show the range of the column and if the column is sorted or not. Users can drag
over a selection of the column to zoom into the time range more in the visualization. We
plan on adding selection exports to temporal columns in the future. In Figure 4.2 (right),
we show the pro�ling information for a date column where a user can observe that the
records in their dataset span 17 years, however are not evenly distributed with large spikes
in certain years such as early 2012.

Figure 4.2: AUTOPROFILER shows distributions and summary information depending on the col-
umn type. Forquantitative columns, we show a binned histogram along with summary statistics.
On hover, the user can see the count in each bin or export the selection to code. We also show a
summary with extra information like potential outliers that can be exported to code. Forcategorical
columns like strings or boolean values, we show up to the top 10 most frequent values. On click,
the selection can also be exported to code. Fortemporal columns, we show the count of records
over time and the range of the column.

4.5.2 Live Data Pro�les

Beyond showing useful data pro�ling information just once, AUTOPROFILER updates as
the data in memory updates. Once a new cell is executed, AUTOPROFILER recomputes the
data pro�les for all Pandas dataframes in memory and updates the charts and statistics as
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necessary in the interface. With live updates, AUTOPROFILER always shows the current
state of all dataframes currently in memory in the notebook, allowing users to quickly
verify if transformations have expected or unexpected effects on their data. Figure 4.3
shows this update when a string column is parsed to numeric. Here, Pandas initially parses
this column as an object data type but when the user turns the column into an integer the
distribution and summary information is updated. Live updates help users verify a wide
range of transforms. For example, after updating the types of columns, applying �lters, or
dropping “bad” values.

AUTOPROFILER has several UI elements to help users track and assess changes after
updates. The �rst is that when a user hovers over a column in any dataframe, if other
dataframes have columns with the exact same name they are highlighted. For example,
if a user takes the dataframedf , �lters it to df_filtered , and then hovers on the Price
column the linked highlights help the user make a visual connection between the two Price
columns. With automatic dataframe detection and visualization, there can potentially be
many dataframes in memory as users manipulate their data over an analysis. AUTOPRO-
FILER supports sorting dataframe pro�les to �nd those of interest. By default, the most
recently updated pro�les are shown at the top of the sidebar. A user can also sort alpha-
betically by the dataframe name. Furthermore, users can pin any pro�le so that it always
appears at the top of the sort order.

Dataframe pro�les are typically only shown for dataframes explicitly assigned to a
variable with one exception: if the output from the most recently executed cell is a Pandas
dataframe we will compute a pro�le for it with the name “Output from cell [5]”. On the next
cell execution, these temporary pro�les are removed. This �ts into a common notebook
programming work�ow where users display their dataframe after making a transformation
to see how the data has changed.

4.5.3 Exports to code

In addition to interactive data pro�les, AUTOPROFILER assists users in authoring code.
AUTOPROFILER facilitates code creation in two ways:selectionandtemplatecode exports.
For both of these, a user clicks on a button or part of a chart and AUTOPROFILER writes
code for them in the notebook below the user's currently selected cell. All code export
snippets are pre-built into AUTOPROFILER and produce the same code snippet for each
task with the dataframe and column names �lled in so the code is ready to execute in the
notebook.

Selection and template exports only differ in the kind of code they produce.Selection
exportsallow users to export selections from charts to help them �lter their data, as men-
tioned in Subsection 4.5.1. For example, Figure 4.2 (left and center) demonstrates how a
user can export selections from categorical and numeric charts to quickly �lter their data.
This helps users more quickly iterate on ideas during analysis to spend less time writing
simple code and proved very popular in our user study.

AUTOPROFILER authors more complex code like charts or code to detect outliers with
template exports. Code exports for these tasks are still relatively simple, only exporting
up to 10 lines of code. However, this saves users from having to remember how to author
a chart themselves or compute outliers. Users can then easily edit this code, for example
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Figure 4.3: AUTOPROFILER updates the data pro�les shown as soon as the data updates. In this
example, Pandas parses the sqft column as a string type since some of the values initially have
strings in them. Once the dataframedf updates in memory, AUTOPROFILERwill update the pro�le
shown. This way the user can see their transformation was successful, inspect the distribution of
sqft, and even notice that the number of nulls increased by 0.3% after this parse.

to customize their visualization or change the threshold for an outlier. Prior work has
discovered how data scientists often re-use snippets of code across analyses to help them
speed up their work�ows [38, 79]. AUTOPROFILER's exports serve as a form of these
pre-baked “templates” for analysis steps. The other bene�t of this type of export is that it
helps preserve analysis in the notebook in the form of code, which supports more replicable
analyses in notebooks, a common goal [126].

This linking between analysis in a visual analytics tool and notebook code has been
introduced in previous systems such as Mage [82] and B2 [170]. Our goal here is similar:
to support tight integration between GUI and code. However, our approach differs slightly
in that we only write code to the notebook when the userexplicitlyclicks a button to prevent
polluting the user's working environment.

4.5.4 Implementation and Architecture

AUTOPROFILER is built as a Jupyter Lab extension to augment a normal interactive pro-
gramming environment with a data pro�ling sidebar. Figure 4.4 shows the components
involved in a example live update loop. When a user executes new code, the kernel sends
a signal that a cell was executed (step 1). AUTOPROFILER then interacts with the kernel
to get all variables that are Pandas dataframes, and requests data pro�les for each of these
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variables (steps 2 - 4). When a user requests to export code, a new cell is created with
the code (step 5). This is only a UI interaction, and when the user executes the generated
cell, the update loop will trigger again. Whenever the kernel is restarted, the dataframes in
memory are cleared so the pro�les in AUTOPROFILER reset.

As a Jupyter extension, AUTOPROFILER can be easily installed as a Python package
and included in a user's Jupyter Lab environment. This easy installation has proven very
popular with users of our system. The frontend code for AUTOPROFILERuses Svelte [154]
for all UI components.

All pro�ling functions are written in Python and execute code in Pandas. Pre-binning
distributions in python makes serialization faster to avoid serializing entire dataframes.
Since our pro�ling happens in Pandas, the performance of AUTOPROFILERgenerally scales
with the capabilities of Pandas.

The scalability of our approach is primarily impacted by two main considerations: the
number of columns in each dataframe and number of dataframes in memory. Pandas can
still execute a single query relatively quickly for dataframes with up to millions of data-
points, and we consider a full benchmarking of pandas queries outside the scope of this
work. Since requests to the Jupyter python kernel are currently executed serially, larger
requests for dataframes with many columns or more dataframes in memory make updates
slower. The AUTOPROFILER UI is not affected by the size of the underlying data since
the queries return binned data counts or summary statistics so the UI remains responsive, it
simply takes longer to fetch new data for larger or more dataframes. We have included sev-
eral performance tweaks to make AUTOPROFILERusable for real work�ows. For example,
we do not calculate updates when the AUTOPROFILER tab is closed to avoid unnecessary
computation.

The scalability of AUTOPROFILER can be improved with further engineering improve-
ments. For example, the requests for pro�ling queries could be executed in parallel by aug-
menting the Jupyter kernel. Furthermore, faster query execution system like DuckDB [130]
can speed up the response on individual queries over pandas. For particularly large datasets,
the distributions and statistics could be estimated from samples.

4.6 Evaluation: User Study

We demonstrate the effectiveness of AUTOPROFILER in two ways. In this section, we
discuss the results of a user study comparing two levels of automation support with AU-
TOPROFILER and in Section 4.7 we discuss the results of a longitudinal case study of users
with AUTOPROFILER.

4.6.1 Participants

To evaluate how AUTOPROFILER helps data analysts in a sample data analysis task, we
recruited Pandas and Jupyter users for a between-subjects user study. We recruited 16 par-
ticipants from social media and our networks who were experienced data analysts. Our
inclusion criteria required that participants be regular Pandas and Python users. Our par-
ticipants had 2 to 12 years of experience doing data science (mean 4.8 years), and were
all regular Python and Pandas users who frequently used Juptyer. The typical participant
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Figure 4.4: AUTOPROFILERpro�ling work�ow. Data pro�les are computed reactively when a user
executes new code. Pro�ling is done in the kernel to speed up performance and avoid serializing the
entire dataframe.

reported doing data analysis weekly and using Pandas daily, with all participants using
Pandas at least monthly. Our participants worked in a variety of industries including au-
tonomous vehicles, data journalism, and �nance with job titles including data analyst, data
engineer, post-doc, and researcher.

4.6.2 Research Questions

We had three primary research questions in our user study:

Q1. Live updates:Does a pro�ler with live updates lead to more insights found than one
with manual updates?

Q2. Starting point for EDA:Does automatically providing visual data pro�les lead users
to write less code, and is this information helpful?

Q3. Linked code and GUI:How does code exporting facilitate handoff for follow-up
analysis?

These research questions correspond to the main features of our tool. We test how
different levels of automation support continuous data pro�ling forQ1 by comparing the
number of insights found through a pro�ler with live updates to one that required manual
invocation. WithQ2, we explore our design choice of showing a starting point for data pro-
�ling. To answer this question we measure how many insights participants found through
our tools versus their own code and their qualitative perceptions of each tool version. Fi-
nally, to answerQ3 we measured how often exports to code are used during analysis and
participants' perceptions of this feature.
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