
DATA  CLEANING
& DATA MANIPULATION

PETRA ISENBERG with slides by WESLEY WILLETT
INFO 340 D
13 FEB 2014
VISUAL ANALYTICS
13 FEB 2014



WHAT IS “DIRTY DATA”?
BEFORE WE CAN TALK ABOUT CLEANING,WE NEED TO KNOW 
ABOUT TYPES OF ERROR AND WHERE THEY COME FROM



SOURCES OF  
ERRORDATA ENTRY ERRORS

MEASUREMENT ERRORS

DISTILLATION ERRORS

DATA INTEGRATION ERRORS
[HELLERSTEIN 2008]



DATA ENTRY ERROR
LOTS OF DATA IS 
ENTERED BY HAND

TYPOGRAPHIC ERRORS

MISUNDERSTANDING
DATA OR CONVENTIONS

“SPURIOUS INTEGRITY”



“SPURIOUS INTEGRITY”

ENTERING BAD DATA IN RESPONSE TO 
(OFTEN WELL-INTENTIONED) 
INTERFACE CONSTRAINTS



“SPURIOUS INTEGRITY”



MEASUREMENT ERRORS
SENSOR ISSUES
MALFUNCTIONS
PLACEMENT
INTERFERENCE
MISCALIBRATION



DISTILLATION 
ERRORSSOME DATA MAY BE LOST OR 

COMPRESSED BEFORE IT ENTERS
THE DATABASE

0.345413➡0.35

National Price Index➡NPI

1985, $2, Apples

1985, $2, Oranges

1985, $2, Cucumbers

1985, $2, “Apples,Oranges,Cucumbers”➡



DATA INTEGRATION ERRORS

DATA OFTEN COMES FROM MULTIPLE SOURCES

SCHEMAS CHANGE OVER TIME

DATA IS OFTEN COERCED FROM 
ONE TYPE TO ANOTHER 

CAN LEAD TO DATA LOSS, 
DUPLICATION, AND OTHER 
INCONSISTENCIES



WHY IS THIS IMPORTANT?



MOST OF THE TIME IN THE 
DATA ANALYSIS PROCESS IS 
ACTUALLY SPENT HERE!

“I spend more than half my time integrating, 
cleansing, and transforming data without doing 

any actual analysis.  Most of the time I’m lucky if I 
get to do any ‘analysis’ at all.”

[Kandel 2012]



ANALYSIS TRAJECTORIES

Wrangle Analyze Insight!Acquire 
Data

KANDEL ET AL. 2011



SOME DATA QUALITY 
ISSUESMISSING DATA MISSED MEASUREMENTS, REDACTED 

ITEMS, INCOMPLETE FORMS, ETC. 

ERRONEOUS VALUES MISSPELLINGS, OUTLIERS, 
“SPURIOUS INTEGRITY”, ETC.

TYPE CONVERSION E.G., ZIP CODE OR PLACE
NAME TO LAT-LON

ENTITY RESOLUTION DIFFERENT VALUES, ABBREVS., 
2+ ENTRIES FOR THE SAME THING?

DATA INTEGRATION MISMATCHES AND INCONSISTENCIES 
WHEN COMBINING DATA



SOME APPROACHES FOR 
IMPROVING DATA QUALITY

TOOLS FOR MANIPULATING 
AND CLEANING DATA



SOME APPROACHES FOR 
IMPROVING DATA QUALITY

TOOLS FOR MANIPULATING 
AND CLEANING DATA



PREVENTING ERROR 
CATCHING DIRTY DATA AT THE SOURCE



MINIMIZING
SENSOR ERROR



CALIBRATE AND 
VERIFY SENSORS

CHECK SENSORS BEFORE DEPLOYMENT 
(AND PERIODICALLY REVALIDATE THEM)

USE REDUNDANT SENSORS

CHECK DATA AGAINST HISTORICAL 
LOGS OR COMPUTED MODELS



TRADE-OFFS BETWEEN 
(RE)CALIBRATION AND 

REDUNDANCY



REDUCING ERROR
DURING DATA ENTRY



DOUBLE DATA ENTRY

PERFORM ALL DATA ENTRY TWICE
(IDEALLY BY SEPARATE PEOPLE)

IDENTIFY MISMATCHES AND DISCARD 
OR REPAIR (VIA VOTING OR RE-ENTRY)



TEMPERATURE   ºC     xx

This field is required.

INTEGRITY CONSTRAINTS



TEMPERATURE   ºC     -60

INTEGRITY CONSTRAINTS

Temperatures must be between 

-50ºC and 50ºC.



TEMPERATURE   ºC     

INTEGRITY CONSTRAINTS

INTEGRITY CONSTRAINTS DO NOT PREVENT BAD 
DATA

ENFORCING CONSTRAINTS LEADS TO FRUSTRATION



FRICTION AND 
PREDICTION

USE DATA QUALITY MEASURES TO PREDICT
HOW LIKELY A VALUE IS TO BE CORRECT.

ADJUST THE INTERFACE TO ADD FRICTION 
WHEN ENTERING UNLIKELY  RESPONSES.

[HELLERSTEIN 2008]



FRICTION AND 
PREDICTION

DATA QUALITY SHOULD BE CONTROLLED 
VIA FEEDBACK, NOT ENFORCEMENT.

FRICTION MERITS EXPLANATION.

ANNOTATION SHOULD BE EASIER THAN 
OMISSION OR SUBVERSION.

[HELLERSTEIN 2008]

PRINCIPLE 1

PRINCIPLE 2

PRINCIPLE 3



FRICTION AND 
PREDICTION

[HELLERSTEIN 2008]



TEMPERATURE   ºC     

FRICTION AND 
PREDICTION

-60

This value seems low. 

Are you sure?

Sensor disabled.



USHER
[Chen et al. 2010]



BUILD A MODEL to 
predict dependencies 
and relationships 
between questions. 

[Chen et al. 2010]



DYNAMIC ORDERING

ALWAYS ASK THE 
MOST APPROPRIATE 

NEXT QUESTION

SUGGEST THE MOST 
LIKELY ANSWERS

[Chen et al. 2010][Chen et al. 2010]



SMART RE-ASKING 
AND SUGGESTIONS

[Chen et al. 2010]

AUTOMATING CONSTRAINTS
FRICTION



DETECTING ERRORS



DATA AUDITING AND 
ERROR DETECTION

LOOK FOR OUTLIERS / ANOMALIES
EXAMINE DATA TYPES
SCHEMA CHECKING
VALIDATE WITH OTHER DATA
OTHER HEURISTICS

HISTORICALLY – MORE FOCUS ON AUTOMATED APPROACHES



“PROFILING” DATA
UNDERSTANDING WHAT ASSUMPTIONS 
YOU CAN MAKE ABOUT DATA

INTERACTIVELY IDENTIFYING 
DATA QUALITY ISSUES



AN EXAMPLE











SOME DATA QUALITY 
ISSUESMISSING DATA MISSED MEASUREMENTS, REDACTED 

ITEMS, INCOMPLETE FORMS, ETC. 

ERRONEOUS VALUES MISSPELLINGS, OUTLIERS, 
“SPURIOUS INTEGRITY”, ETC.

TYPE CONVERSION E.G., ZIP CODE OR PLACE
NAME TO LAT-LON

ENTITY RESOLUTION DIFFERENT VALUES, ABBREVS., 
2+ ENTRIES FOR THE SAME THING?

DATA INTEGRATION MISMATCHES AND INCONSISTENCIES 
WHEN COMBINING DATA



DETECTION
METHODS

+ CAN IDENTIFY  
POTENTIAL ANOMALIES

- HARD TO KNOW IF THEY’RE 
REALLY ANOMALOUS OR 
HOW TO CORRECT THEM



MISSING AND 
IMPOSSIBLE VALUES

1. LOOK AT EMPTY/MISSING VALUES
2. LOOK AT IMPOSSIBLE VALUES 

Gender = 3

Heart Rate = 0
Unlikely Dates (e.g. “01/01/0001”)

JUST SORTING THE DATA CAN 
HELP HIGHLIGHT ISSUES LIKE THESE



OUTLIER 
DETECTION

1. EXAMINE DISTRIBUTIONS
2. MODEL DATA AND LOOK FOR RESIDUALS
3. PARTITION DATA 

FOR  ONE DATA DIMENSION  OR  MULTIPLE DIMENSIONS



EXAMINE DISTRIBUTIONS



DETECTING 
DUPLICATES

Title

Ben-Hur

Ben Hur

BEN-HUR

Ben-Hur (1959 film)

Name

Anand Vaskar

Anand Vaskkar

A. Vaskar

Vaskar, Anand

THESE MIGHT ALL BE THE SAME



SOME USEFUL 
DISTANCE METRICS

How many edits do I need to change one value into another?

Ben-Hur

Ben Hur

Anand Vaskar

Anand Vaskkar

LEVENSHTEIN (“STRING-EDIT”) DISTANCE

DISTANCE = 1 DISTANCE = 1



SOME USEFUL 
DISTANCE METRICS

How many edits do I need to change one value into another?

Ben-Hur

Ben-Hur (1959 film)

Anand Vaskar

Vaskar, Anand

LEVENSHTEIN (“STRING-EDIT”) DISTANCE

DISTANCE = 12 DISTANCE = 12



SOME USEFUL 
DISTANCE METRICS

How similar do they sound?

Ben-Hur

Ben-Hurr

Been Her

Anand Vaskar

Anand Vaskkar

Ahnund Vachkar

SOUNDEX / METAPHONE



Ben-Hur

Ben-Hurr

BEN-HUR

SOME USEFUL 
DISTANCE METRICS

Strip away unimportant details.
(e.g., remove punctuation, capitals, and sort)

Ben-Hur ➡ ben hur

Ben-Hurr ➡ ben hurr

BEN-HUR ➡ ben hur

“FINGERPRINTING” METHODS

Anand Vaskar

Vaskar, Anand

Anand Vaskar ➡ anand vaskar

Vaskar, Anand ➡ anand vaskar



AND MANY MORE
STRING/KEY COMPARISONS
DISTANCE METRICS FOR NUMERIC DATA

e.g., HAMPEL X84 (UNIVARIATE), MAHALANOBIS (MULTIVARIATE)

“Quantitative Data Cleaning 
for Large Databases”

Hellerstein (2008)



YOU CAN DO ALMOST ALL OF 
THIS IN SQL … BUT IT’S A LOT OF WORK

DECIDING HOW TO 
FIX PROBLEMS



DECIDING HOW TO 
FIX PROBLEMS

WHICH DUPLICATE TO KEEP?

OUTLIERS: KEEP, REMOVE, OR REPAIR?

BADLY-STORED DATES, ADDRESSES, OR 
KEYS MAY NEED TO BE PARSED MANUALLY



FUZZY MATCHING SYSTEMS

MACHINE LEARNING TO
DETECT/RESOLVE ERRORS

USUALLY REQUIRES HUMAN JUDGMENT
(ESPECIALLY FOR NEW DATA)

DECIDING HOW TO 
FIX PROBLEMS



PROFILER [KANDEL ET AL. 2012]

INTERACTIVE PROFILING



PROFILING IN 
OPEN REFINE



SOME APPROACHES FOR 
IMPROVING DATA QUALITY

TOOLS FOR MANIPULATING 
AND CLEANING DATA



“WRANGLING” DATA
CLEANING AND TRANSFORMING DATASETS TO MAKE IT 
POSSIBLE TO ANALYZE AND VISUALIZE THEM



COMMON OPERATIONS
CORRECTING AND REMOVING ERRORS

CHANGING FORMATS

REMOVING FORMATTING

CONNECTING AND RESOLVING DATA



SPREADSHEETS



TRANSFORMATIONS
ARE TIME-CONSUMING

“I spend more than half my time integrating, 
cleansing, and transforming data without doing 

any actual analysis.  Most of the time I’m lucky if I 
get to do any ‘analysis’ at all.”

“Most of the time once you transform the 
data, the insights can be scarily obvious.”

[Kandel 2012]



ANOTHER EXAMPLE













GOAL





CREATE ‘STATE’ COLUMN



DELETE EMPTY ROWS



EXTRACT STATE NAME



EXTRACT STATE NAME



FILL DOWN



DELETE ROW



REPEAT x 50



RESHAPE (‘PIVOT’) THE TABLE



RESHAPE (‘PIVOT’) THE TABLE



ONLY NOW ARE WE 
READY FOR ANALYSIS



SPREADSHEETS

+ FAMILIAR
+ VISUAL

- TEDIOUS
- TIME-CONSUMING
- REPETITIVE



SCRIPTS

+ REUSABLE
+ SCALABLE

- HARD
- TEDIOUS
- TIME-CONSUMING



INTERACTIVE DATA 
CLEANING

OpenRefine (formerly Google Refine)
http://openrefine.org/

Wrangler (Stanford HCI Group)
http://vis.stanford.edu/wrangler/

http://openrefine.org/
http://vis.stanford.edu/wrangler/


INTERACTIVE DATA CLEANING BY EXAMPLE

WRANGLER [KANDEL ET AL. 2011](http://vimeo.com/19185801)

http://vimeo.com/19185801




WRANGLER [KANDEL ET AL. 2011]



from wrangler import dw

import sys

if(len(sys.argv) < 3):

sys.exit('Error: Please include an input and output file.  Example python script.py

input.csv output.csv')

w = dw.DataWrangler()

# Split data repeatedly on newline  into  rows

w.add(dw.Split(column=["data"],

table=0,

status="active",

drop=True,

result="row",

update=False,

insert_position="right",

row=None,

on="\n",

before=None,

after=None,

ignore_between=None,

which=1,

max=0,

positions=None,

quote_character=None))
WRANGLER [KANDEL ET AL. 2011]



RESEARCH PRODUCTS



DATA CLEANING IN 
GOOGLE REFINE

FILTER TRANSFORM

Google Refine Intro Video

http://www.youtube.com/watch?v=B70J_H_zAWM


A FEW OTHER 
IMPORTANT POINTS



JOINING DATA
ADDING COLUMNS OR METADATA 
FROM ANOTHER SOURCE

FOR EXAMPLE
NEW PATIENT FILE (+ OLD FILE)
POSTAL CODE (+ CITY INFORMATION)



JOINING DATA
ADDING COLUMNS OR METADATA 
FROM ANOTHER SOURCE

HELP VALIDATE AND CORRECT ERRORS

WILL REVISIT LATER (TIME PERMITTING)



THERE ARE LOTS OF OTHER 
SPECIALIZED TOOLS



D-DUPE [BILGIC ET AL. 2008]

INTERACTIVE 
DE-DUPLICATION



D-DUPE [BILGIC ET AL. 2008]

INTERACTIVE 
DE-DUPLICATION



REFERENCES
“Quantitative Data 
Cleaning for Large 

Databases”
Hellerstein (2008)



NEXT UP
AFTER THE BREAK
TUTORIAL 3 – CLEANING DATA

THIS AFTERNOON
STATISTICS
TUTORIAL 4 – BASIC STATS IN R





CSVKIT


