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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  ERROR
DATA 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 ERRORS

SOME 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]



SOME DATA QUALITY ISSUES
MISSING 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



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



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” DATA

UNDERSTANDING WHAT ASSUMPTIONS YOU CAN 
MAKE ABOUT DATA

INTERACTIVELY IDENTIFYING 
DATA QUALITY ISSUES



AN EXAMPLE











PROFILING IN 
OPEN REFINE



INTERACTIVE DATA 
CLEANING

OpenRefine (formerly Google Refine)

http://openrefine.org/

Wrangler (Stanford HCI Group)

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

Trifacta Wrangler 
https://www.trifacta.com/

http://openrefine.org/
http://vis.stanford.edu/wrangler/
https://www.trifacta.com/


DATA CLEANING IN 
GOOGLE REFINE

FILTER TRANSFORM

Google Refine Intro Video

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