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Data preparation is the most time-consuming
part of data science development
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Data preparation is the most time-consuming
part of data science development

Data errors/anomalies are rare —
Hard to spot
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Data preparation is the most time-consuming
part of data science development

Fixing an error may lead to new errors
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But wait, we have lots of data preparation systems out there
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But wait, we have lots of data preparation systems out there

But they often require a steep learning curve, and are specific
to certain data errors
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But wait, we have lots of data preparation systems out there

But they often require a steep learning curve, and are specific
to certain data errors

There has been little focus on usability of data preparation
systems
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To prepare datasets, data
scientists spend a lot of time
refining their scripts to
detect and repair data errors
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# thanic_wrangling.py + Untitled-1 — Untitled (Workspace)

clean_data(df):

df( J.fillna(df ) «median(), inplace= )
df ['Embark J.fillna(df | E . .mode 98], inplace=
f df,.columns:
df('Fa . fillna(df e'l.median(), inplace=

df

engineer_features(df):

dfl 1 | = df

== 1).astype(
df

scale_features(df, scaler= ):

1 problem in this file

numeric_cols = df.select_dtypes(include= t6d’, 't : «columns.tolist()

v nuseric_cols:
numeric_cols. remove(

scaler:
scaler = Sta ca 0
df [numeric_cols) scaler.fit_transform(df [numeric

df [numeric_cols) = scaler.transform(df [numeric_cols
df

scaler

LaTeX W

rishop
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To prepare datasets, data
scientists spend a lot of time
refining their scripts to
detect and repair data errors

Data scientists rely on charts
as powerful tools to explore
and validate intermediate
steps in data transformation
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To prepare datasets, data
scientists spend a lot of time
refining their scripts to

detect and repair data er-z- v _
Currently, iterative scripting and

t visualization are decoupled, i.e.,
< data scientists have to write code,
‘ and then visualize data

transformations that result from it
Data scientists rely on charts | -

as powerful tools to explore (| \
and validate intermediate Bl bl L
steps in data transformation | Tl |
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To prepare datasets, data
scientists spend a lot of time
refining their scripts to
detect and repair data errors

!

Data scientists rely on charts
as powerful tools to explore
and validate intermediate
steps in data transformation
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Buckaroo

In Buckaroo, data wrangling is
seamlessly integrated with
interactive charts, allowing users to
directly manipulate visualizations to
correct errors and instantly see the

results
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VLDB 2001
Potter’s Wheel: An Interactive Data Cleaning System

Vijayshankar Raman and Joseph M. Hellerstein

University of California at Berkeley
{rshankar, jmh} @cs berkeley.edu

RE
File Cluster Transform Discrepancies Ism | 100% |

Delaﬂoarrie Source |Dest.| Date DayDept_Sch Arr_Sch
12 TWA |JFK STL 19971017 F 17:30 1918 |-
0 WA ORD STL [1997/07/28 M 12:25 13:36

-26 | TWA  JFKto MIA (1998/12/04 F  |09:40  |12:40

-3 TWA |JFK 1o MIA 199711230 Tu 07:30 10:36

-5  TWA |ORD STL |1997/06/08 |Su |15:05 1617 |
2 TWA JFK MIA  |1998/09/21 M 07:25 10:25

3 TWA ORD STL |1998/07/02 Th 11:20 1230 |

Figure 1: A snapshot of the Potter’s Wheel user interface on
flight delay data from FEDSTATS (www.fedstats.gov). UTAH
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Profiler: Integrated Statistical Analysis and Lux: Always-on Visualization Recommendations for Exploratory
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et wrangling process into the visualization for
subgroup anomaly detection and wrangling UTAH
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Group-level anomalies

Country Income | Degree
:'B'hut_an_ 100,000 MS
41d—
: Bhutan | 12k | MS
LI ",
:Bhutan NaN | PhD We have two groups:
I F= ===
| Bhutan 0 BS I
! ! ! G1 = Country = “Bhutan”

Bhutan 0 BS :
@D == = — 1 G2 = Education = “BS”

Lesotho NaN BS

| | Both groups have anomalies such as outliers, missing
Lesotho ' 13,000 BS .
RN Y G2) values and type mismatch

(Data sample)

Built in error types
Missing values Type mismatch

Outliers No anomalies
User defined types
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Country Income |Degree
:'B'hut_an_ 'oﬁ,oﬁo"l MS
: Bhutan | 12k || MS
: Bhutan | NaN | PhD
:Bhutan r! _0_ _I_B_S]
@' Bhutan | 0 | BS,
Lesotho I| NaN Bs:
Lesotho I NaN Bs:
Lesotho |! 1_30_00_ _B_SI
(Data sample) @

Built in error types

Missing values

Outliers

Type mismatch

No anomalies

User defined types
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Count

Group-level anomalies

Bhutan

Anomaly Summary
12k seems to be quite a
bit different from other
values in the income F—

column
Remove

Lesotho BS MS PhD

This data has a lot of issues! I'll start by
removing the outliers because they
seem to be driving a lot of the oddities
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Built in error types

Missing values
Outliers

Country Income |Degree
:'B'hut_an_ 'oﬁ,o'ol MS
: Bhutan | 12k || MS
L eoswessl
: Bhutan | NaN || PhD
| r=—= =y =nA
IBhutan 0 BSl
@I Bhutan | 0 BS I
Lesotho . NaN Bs:
e |
Lesotho : NaN Bs:
I |
Lesotho g 1_30_00_ B B_S@
(Data sample)

Type mismatch
No anomalies

User defined types
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Count

Group-level anomalies

Bhutan

Anomaly Summary
12k seems to be quite a
bit different from other
values in the income

column

Lesotho

Remove

v

Count

BS MS PhD Bhutan

removing the outliers because they
seem to be driving a lot of the oddities

1 B ]

Lesotho

Count

BS MS PhD

removes too many points, I'll undo and
use imputation instead

This data has a lot of issues! I'll start b)] %{Hmm It looks like removing outliers
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Group-level anomalies

Country Income |Degree

- . - -

Bhutan 00,000, MS

e |

Bhutan 12k MS

4|_;— - Anomaly Summary -
| [ 12k seems to be quite a
| F== === = values in the income V— = = =
Bhutan 0 BS I = column - a 3 3
| O Remove O O O
. | Bh L h BS MS PhD
Lesotho NaN BS I Bhutan Lesotho BS MS PhD Bhutan Lesotho BS MS PhD utan esotho
—_— This data has a lot of issues! I'll start by Hmm It looks like removing outliers That'’s closer to what | wanted! Now to
Lesotho I NaN BS ! removing the outliers because they removes too many points, I'll undo and look at some other dimensions of this
4_—| seem to be driving a lot of the oddities use imputation instead data
Lesotho |! 13,000 | BS ]

(Data sample)

Built in error types
Missing values Type mismatch

Outliers No anomalies
User defined types
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What if visualizations were the interface for repair?

« Treat charts as active manipulation surfaces. Let users:
« See errors
* Interact with them
* Fix them directly
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What if visualizations were the interface for repair?

« Treat charts as active manipulation surfaces. Let users:
« See errors
* Interact with them
* Fix them directly

 Preserve:
* Undo/redo
 Provenance
« Script generation

Buckaroo reframes wrangling as visual direct manipulation
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Buckaroo is a system that satisfies
O ot

three requirements

(1) It generates interactive charts to
highlight data errors

(2) It enables users to make on-the-
spot error corrections by directly
manipulating the visual objects

(3) It is flexible to allow user-defined
error detection and correction
through an API
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Lourit

those areas via details
on demand style views

1

Anomaly Summary
It seem that “12k" does
not match the other
data types in salary

column

Bhutan

Lesotho

R

Missing values
Outliers

Type mismatch
No anomalies

&

Users can see the
impact of the wrangling
operations on the data
in real-time

Count

applied on demand

The automatically generated
wrangling operations can be

Bhutan

Lesotho

UTAH




Buckaroo Architecture
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o User interface

Map anomalies to
interactive charts

P

Record user's interactions and update
the visualizations on the fly

2 4

Data error ranking

Undo/redo actions

Generate wrangling
script @
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Buckaroo Architecture
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Backend

o User interface

Map anomalies to
interactive charts

Record user's interactions and update
the visualizations on the fly

2 4

Data error ranking

Undo/redo actions

Generate wrangling
script &

I All user interactions with the charts are

handled by the backend components

o Data selection

and

Error sampling

Distance-based

Drill down

Panning

aggregation

Single layer

Single layer

Multiple layers
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Buckaroo Architecture
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Frontend

Backend

o User interface

P

Map anomalies to
interactive charts

Record user's interactions and update
the visualizations on the fly

g 4

Data error ranking

Undo/redo actions

Generate wrangling
script &

I All user interactions with the charts are

handled by the backend components

o Data selection

and

Error sampling

Distance-based

Drill down Panning

aggregation

Single layer

Single layer

Multiple layers

l

Hopara is integrated to use multi-layer
panning/zooming

Hopara drill-down/pan

OWrangling suggestions Error detection
| Wrangler 1 ‘ | Wrangler 3 | —-— ‘ Missing values ‘ | Qutliers |
| Wrangler 2 ‘ | Custom wranglers | ‘ Type mismatch ‘ | Custom detectors |
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Buckaroo Architecture

o User interface

~

Map anomalies to
interactive charts

Record user’s interactions and update
the visualizations on the fly

A g A
0

Data error ranking

Undo/redo actions

Generate wrangling
script @

All user interactions with the charts are
handled by the backend components

aggregation

Error sampling

Distance-based

Drill down Panning

Single layer

Single layer

Multiple layers

I

panning/zooming

Hopara is integrated to use multi-layer

F Hopara drill-down/pan ’

| | Wrangler 3

'g Wrangling suggestions
Q

é | Wrangler 1

m | Wrangler 2

| | Custom wranglers |

Error detection
| — | Missing values | ‘ Outliers |
| Type mismatch | l Custom detectors |

|

|

e Storage

PostgreSQL

THE UNIVERSITY OF UTAH

amazon
web services™

Generate groups

Keep track of error to
tuple mapping

Maintain snapshot storage Maintain indexes
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Error Detection

Built-in detectors

* Missing values

« Qutliers

* Type mismatches

« Small/incomplete groups

UTAH
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Error Detection

Built-in detectors

* Missing values

« Qutliers

* Type mismatches

« Small/incomplete groups

Custom detectors
« User-defined logic
« SQL or Pandas

« Group-level semantics
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How to do direct manipulation data wrangling at scale?

Two navigation modes
Single-layer

 Error-first sampling

» Distance-based sampling

*Multi-layer
* Drill-down
 Pan & zoom (Hopara)

Errors remain visible even when rare

THE UNIVERSITY OF UTAH
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Hopara Integration

Multi-layer navigation engine

SQL-backed pan/zoom

Only visible data is loaded

Enables interactivity on large datasets
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Preliminary Results

Postgres | Postgres | Pandas Pandas
Dataset . .

(removal) | (impute) | (removal) | (impute)
StackOverflow 0.18 sec 0.16 sec 1.69 sec 1.27 sec
Adult Income 0.15 sec 0.13 sec 1.40 sec 1.17 sec
Chicago Crime 0.71 sec 0.68 sec 5.87 sec 5.29 sec

THE UNIVERSITY OF UTAH

UTAH



Parting thoughts

* Buckaroo is actively being developed

Try Buckaroo now!
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Parting thoughts

* Buckaroo is actively being developed

 We are conducting a large user study to assess
how its usability compares to other systems like
Trifacta, ChatGPT, and Jupyter notebooks

Try Buckaroo now!
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Parting thoughts

* Buckaroo is actively being developed

 We are conducting a large user study to assess
how its usability compares to other systems like
Trifacta, ChatGPT, and Jupyter notebooks

« Usability is a big problem for data prep today,
which limits adoption of our systems by
practitioners

Try Buckaroo now!
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