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PLAN FOR THE TUTORIAL

Focus on Goals, Objectives & Strategy (Less Tactical) 
!
OUTLINE 
!
The Wrangling Problem 
!
Secrets of the Agile Data Wrangler 
!
Putting it Together 
  ...and a peek at Trifacta’s approach
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ADDITIONAL STRATA ACTIVITY

➔ Trifacta Data Transformation session: Weds 4:50PM, Ballroom F 
➔ Big Data Moonshots and Ground Control: Thurs 8:50AM Keynote 
!

➔ Jeffrey Heer Office Hours: Weds 1:40PM, Table C 
➔ Joe Hellerstein Office Hours: Thurs 10:10AM, Table A



The Wrangling Problem
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80%
of the work in any data 
project is cleaning the 

data.

WORD ON THE STREET

DJ PATIL
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“Enterprise Data Analysis and Visualization:  
 An Interview Study”

SEAN KANDEL

CTO Trifacta 
PhD, Stanford CS 

Citadel Investment Group !
Data Wrangler 

Kandel, Paepcke, Hellerstein and Heer 
IEEE Visual Analytics Science & Technology 2012
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HIGH FRICTION FOR DATA SCIENTISTS

I spend more than half of 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.

“
“

FRUSTRATION: WRANGLING BOTTLENECK
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LOST OPPORTUNITY FOR BUSINESS ANALYSTS

Most of the time once you 
transform the data…the insights 
can be scarily obvious.

“

“

POTENTIAL: END-USER SELF-SERVICE
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LOST OPPORTUNITY FOR BUSINESS ANALYSTS

All data is in a relational 
database. When I get it, it’s out 
of the database and into an Excel 
format that I can start pivoting. I 
ask the IT team to pull it.

“
“

REALITY: HEAVYWEIGHT INTERACTION WITH IT
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THIS IS THE BIG DEAL

The biggest bottleneck in current practice 
!
!
!
The biggest roadblock to a data-driven future 
!
!
!
A problem that goes outside technical boundaries
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DEFINITIONAL ISSUES

What is “clean” data? What is “clean enough”?
Better yet, is the data “fit for a purpose”?

Can I work with the data? (Is it usable)

Do I trust the data? (Is it credible)

Can I learn from it? (Is it useful)
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USABILITY, CREDIBILITY & USEFULNESS
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Data is usable if it can be parsed and 
manipulated by computational tools. Data 
usability is thus defined in conjunction with the 
tools by which it is to be processed.
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Data is usable if it can be parsed and 
manipulated by computational tools. Data 
usability is thus defined in conjunction with the 
tools by which it is to be processed.

Data is credible if, according to one's subjective 
assessment, it is suitably representative of a 
phenomenon to enable productive analysis.

Data is useful if it is usable, credible, and 
responsive to one's inquiry.

USABILITY, CREDIBILITY & USEFULNESS
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STANDARD APPROACHES

Custom Code (ideally in Domain-
Specific Languages) 
SAS Data Step 
!
!

http://analytics.ncsu.edu/sesug/2001/P-818.pdf

data newlist;	
  set newdata.maillist;	
/* Extract month, day and year */ 	
/* from the date character vara */	
  m = scan(date,1,’ ‘);	
  d = scan(date,2,’ ‘);	
  y = scan(year,2,’,’);	
  dd = compress(d||m||y,’ ,’);	
/* Convert mon, day, year into */ 	
/* new date variableb */	
  newdate = input(dd,date9.);	
run;

http://analytics.ncsu.edu/sesug/2001/P-818.pdf
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STANDARD APPROACHES

Custom Code (ideally in Domain-
Specific Languages) 
SAS Data Step 
Python Pandas 
!

http://pandas.pydata.org/pandas-docs/dev/tutorials.html#pandas-cookbook

noise_complaint_counts = noise_complaints['Borough'].value_counts()	
complaint_counts = complaints['Borough'].value_counts()	
noise_complaint_counts / complaint_counts.astype(float)
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STANDARD APPROACHES

Custom Code (ideally in Domain-
Specific Languages) 
SAS Data Step 
Python Pandas 
!
Manual Manipulation in 
Spreadsheet Interfaces 
Spreadsheets 
!

http://blogs.office.com/2011/09/20/clean-up-imported-or-pasted-data-in-excel/
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STANDARD APPROACHES

Custom Code (ideally in Domain-
Specific Languages) 
SAS Data Step 
Python Pandas 
!
Manual Manipulation in 
Spreadsheet Interfaces 
Spreadsheets 
!
Schema Mapping and Workflow 
in Enterprise Software 
Informatica Power Center 

http://www.iri.com/blog/data-transformation2/informatica-pushdown-optimization-with-cosort/

http://www.iri.com/blog/data-transformation2/informatica-pushdown-optimization-with-cosort/
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STANDARD APPROACHES

Custom Code (ideally in Domain-
Specific Languages) 
SAS Data Step 
Python Pandas 
!
Manual Manipulation in 
Spreadsheet Interfaces 
Spreadsheets 
!
Schema Mapping and Workflow 
in Enterprise Software 
Informatica Power Center 
SAS DI Studio

http://saslearn.blogspot.com/2012/05/etl-processing-using-sas-data.html

http://saslearn.blogspot.com/2012/05/etl-processing-using-sas-data.html
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A GOOD DAY FOR A MODERN DATA SCIENTIST

9AM: Hypothesis formed 

10AM-12PM: Land and examine various data sets 

12-12:45PM: Delicious, healthy food 

12:45-3PM: Wrangle chosen data 

3-4:30PM: Analyze chosen data 

4:30-4:45: Wheatgrass shot 

4:45-6PM: Insight, Storytelling
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A GOOD MONTH FOR A 2007 DATA ANALYST
02/01: Business use case identified. Consult Warehouse Schema and MDM Master 
Data for relevant “golden data”.   
02/02: Land and examine various data sets in staging filer. 
02/03: Request private data “sandbox” alongside EDW to house new data  

Note: “The sandbox phenomenon … carries a significant risk to the IT 
organization and EDW architecture because it could create isolated and 
incompatible stovepipes of data” 
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf!

02/03: Define schemas and write specifications for ETLing data into sandbox. 
02/10: Receive notice from IT that sandbox is loaded.  Begin profiling 
02/11: Revise specifications for ETLing data and request reload 
02/15: Receive notice from IT that sandbox is reloaded. Begin profiling 
02/16: Further in-database wrangling and view definition 
02/17: Analyze chosen data, engage in storytelling 
02/18: Request schema modification in EDW to accommodate data 
02/19: Begin writing spec to recode ETL/wrangling 

“At that point, tracking applications that may have been implemented in the 
sandbox using a quick and dirty prototyping language, are usually 
reimplemented by other personnel in the EDW environment using corporate 
standard tools” 
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf

http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf
http://www.montage.co.nz/assets/Brochures/DataWarehouseBigDataAnalyticsKimball.pdf
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DIFFERENCES IN GOALS, PROCESSES, DATA

Data Warehousing 
Single source of truth: Engineered structure. 
Waterfall design process. 
Garbage-In-Garbage-Out: only golden data stored

Data Science 
Exploration and provisional truth 
Agile design 
Signal out of noise: all data stored

Rational people from both communities 
know these need to coexist 
The former is high value, low variety and volume 
The latter is growing value, variety, volume

“There is no point bringing 
data … into the data 
warehouse without 
integrating it”. 
— Bill Inmon, Building the 
Data Warehouse, 2005

“Get into the mindset to 
collect and measure 
everything you can” 

—DJ Patil, Building Data 
Science Teams, 2011
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TECHNOLOGY TRENDS

Moore’s Law provides exponential growth in…  
Storage capacity per dollar 
Analytical bandwidth per dollar 
Data production per dollar 

Moore’s Law provides near-zero growth in… 
Labor pool 
Individual programming ability 
Individual visual acuity 
Hours in the day

Possible Solutions? 
Better automation 
Higher-level abstractions for humans 
Combinations of the two
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IS AUTOMATION THE ANSWER?

Example: SF Restaurant Violation Data.   
http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection!
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb

http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb
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http://zipfianacademy.com/maps/h3/
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IS AUTOMATION THE ANSWER?

Example: SF Restaurant Violation Data.   
http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection!
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb

http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb
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// BASIC STRUCTURE	
splitrows col: column1 on: '\r\n' quote: '\"'	
split col: column1 on: ',' limit: 2 quote: '\"'	
replace col: * on: `"` with: '' global: true	
header 	!
// EXTRACT KEYWORDS	
countpattern col: description on: `vermin`	
rename col: countpattern_description to: 'vermin'	
countpattern col: description on: `temp|hot|therm|cold|cool`	
rename col: countpattern_description to: 'temp'	!
// DATE WHACKING	
split col: date at: 4,4	
split col: date3 at: 2,2	
merge col: date32,'\/',date33,'\/',date2	
drop col: date2	
drop col: date32	
drop col: date33	
rename col: column1 to: 'date'	
extract col: description after: `: ` before: ` `	
rename col: description2 to: 'date_corrected'	
derive value: ((year(date_corrected) - year(date)) * 12) + (month(date_corrected) - month(date))	
rename col: column1 to: 'delay_months'	!
// SUMMARIZE, CLEAN, LOOKUP	
aggregate value: sum(temp),sum(vermin),mean(delay_months) group: business_id	
set col: mean_delay_months value: valid(mean_delay_months, ['Float']) ? mean_delay_months : 0	
lookup with: SF Businesses col: {SF Restaurant Violations}.business_id  
        key: {SF Businesses}.business_id
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Secrets of the Agile Data Wrangler

1. Data is never clean



Data Analysis & Statistics, Tukey 1965



Four major influences act on data 
analysis today: 
1. The formal theories of statistics. 
2. Accelerating developments in 
computers and display devices. 
3. The challenge, in many fields, of 
more and larger bodies of data. 
4. The emphasis on quantification 
in a wider variety of disciplines. 



Nothing - not the careful logic of 
mathematics, not statistical models 
and theories, not the awesome 
arithmetic power of modern 
computers - nothing can substitute 
here for the flexibility of the 
informed human mind. 
!
Accordingly, both approaches and 
techniques need to be structured 
so as to facilitate human 
involvement and intervention.



Some implications for effective 
data analysis are: (1) that it is 
essential to have convenience of 
interaction of people and 
intermediate results and (2) that at 
all stages of data analysis, the 
nature and detail of output, both 
actual and potential, need to be 
matched to the capabilities of the 
people who use it and want it.



Visualization
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1. Data is never clean 
2. Function follows form



Raw Data: Government Contacts





Filter First Two Rows





Split on “:” Delimiter





Delete Empty Rows





Fill Values Down





Pivot Number on Type



Reformatted Data



Map Transforms: Per-Tuple Actions



Fill Values Left, Right 
Filter 

Rows 
!

Map Transforms: Per-Tuple Actions



Fill Values Left, Right 
Filter 
Extract 
Replace 
Edit 

Rows 
!
Cells 
!
!

Map Transforms: Per-Tuple Actions



Fill Values Left, Right 
Filter 
Extract 
Replace 
Edit 
Drop 
Split 
Merge 
Shift

Rows 
!
Cells 
!
!
Columns

Map Transforms: Per-Tuple Actions



Promote, Demote Header 
Fill Values Down, Up 
Transpose 
Pivot 
Fold

Table 

Table Transforms



Table Transforms: Reshaping



Table Transforms: Reshaping



Table Transforms: Reshaping

Fold



Table Transforms: Reshaping

Fold

Pivot
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1. Data is never clean 
2. Function follows form 
3. Expose your data



Exposure, the effective laying open 
of the data to display the 
unanticipated, is to us a major 
portion of data analysis. 
!
... it is not clear how the informality 
and flexibility appropriate to the 
exploratory character of exposure 
can be fitted into any of the 
structures of formal statistics so far 
proposed.





Example: 
Motion Pictures Data



Motion Pictures Data

Title      String 
IMDB Rating    Number 
Rotten Tomatoes Rating  Number 
MPAA Rating    String 
Release Date    Date 
Worldwide Gross   Number 
!
Integrated data from IMDB, Rotten Tomatoes 

and The Numbers, joined on film title.















Example: 
Facebook Social Graph









Count Friends by School

Berkeley      ||||||||||||||||||||||||||||||| 
Cornell      |||||||||||||| 
Cornell College     ||| 
Cornell University     |||||| 
Harvard      |||||||||||| 
Harvard University     ||||||| 
Stanford      |||||||||||||||||||| 
Stanford University     |||||||||| 
UC Berkeley      ||||||||||||||||||||| 
University of California at Berkeley   ||||||||||||||| 
University of California, Berkeley   ||||||||||||||||||



Challenges



High-Dimensional Data

Parallel Coordinates [Inselberg]



Scalable Representations



Scalable Representations

Binned Scatterplot, adapted from Carr, 1987
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1. Data is never clean 
2. Function follows form 
3. Expose your data 
4. Statistics & graphics: better together



It is too much to ask for close 
and effective guidance for 
data analysis from any highly 
formalized structure, either 
now or in the near future. 
!
Data analysis can gain much 
from formal statistics, but only 
if the connection is kept 
adequately loose. 





Set A Set B Set C Set D
X Y X Y X Y X Y
10 8.04 10 9.14 10 7.46 8 6.58
8 6.95 8 8.14 8 6.77 8 5.76
13 7.58 13 8.74 13 12.74 8 7.71
9 8.81 9 8.77 9 7.11 8 8.84
11 8.33 11 9.26 11 7.81 8 8.47
14 9.96 14 8.1 14 8.84 8 7.04
6 7.24 6 6.13 6 6.08 8 5.25
4 4.26 4 3.1 4 5.39 19 12.5
12 10.84 12 9.11 12 8.15 8 5.56
7 4.82 7 7.26 7 6.42 8 7.91
5 5.68 5 4.74 5 5.73 8 6.89



Set A Set B Set C Set D
X Y X Y X Y X Y
10 8.04 10 9.14 10 7.46 8 6.58
8 6.95 8 8.14 8 6.77 8 5.76
13 7.58 13 8.74 13 12.74 8 7.71
9 8.81 9 8.77 9 7.11 8 8.84
11 8.33 11 9.26 11 7.81 8 8.47
14 9.96 14 8.1 14 8.84 8 7.04
6 7.24 6 6.13 6 6.08 8 5.25
4 4.26 4 3.1 4 5.39 19 12.5
12 10.84 12 9.11 12 8.15 8 5.56
7 4.82 7 7.26 7 6.42 8 7.91
5 5.68 5 4.74 5 5.73 8 6.89

Anscombe 1973

Summary Statistics Linear Regression 
uX = 9.0 σX = 3.317 Y2 = 3 + 0.5 X 
uY = 7.5 σY = 2.03 R2 = 0.67



Set A

Set C Set D

Set B

X X

Y

Y
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[The Elements of Graphing Data. Cleveland 94]



Transforming Data
How well does the curve fit data?

[Cleveland 85]



Plot the Residuals
Plot vertical distance from best fit curve 
Residual graph shows accuracy of fit

[Cleveland 85]



Multiple Plotting Options

[Cleveland 85]

Plot model in data space Plot data in model space



What’s an outlier?



Center 
Dispersion

Far From the Center



Center 
Dispersion 
!
Normal Distribution 
Gaussian, bell curve 
Mean, Variance

Far From the Center



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 68 450 

Center & Dispersion (Normal)



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 68 450 

Center & Dispersion (Normal)



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 68 450 

Center & Dispersion (Normal)

Mean: 58.52632 



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 68 450 

Center & Dispersion (Normal)

Mean: 58.52632 
Variance: 9252.041
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Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 68 450 

Center & Dispersion (Robust)

Median: 37 
MAD: 22.239 
 (Median Absolute Deviation)
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Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 110 450 

Subtler Problems

Masking !
Magnitude of one outlier 
masks smaller outliers !
Makes manual removal of 
outliers tricky



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 110 450 

Subtler Problems

Robust Statistics !
Handle multiple outliers !
Robust w.r.t. magnitude 
of the outliers
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Some Robust Centers



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 110 450 
!
Median (37) 
Value that evenly splits set into higher & lower halves 
k% Trimmed Mean 
k% Winsorized Mean 
!

Some Robust Centers



Ages of Employees 
12 13 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 110 450 
!
Median (37) 
k% Trimmed Mean (37.933, k=10%) 
Remove lowest & highest k% values 
Compute mean on remainder 
k% Winsorized Mean 
!

Some Robust Centers



Ages of Employees 
14 14 14 21 22 26 33 35 36 37 39 42 45 47 54 57 61 61 61 
!
Median (37) 
k% Trimmed Mean (37.933, k=10%) 
k% Winsorized Mean (37.842, k=10%) 
Remove lowest & highest k% values 
Replace low removed with lowest remaining value 
Replace high removed with highest remaining value 
Compute mean of resulting set

Some Robust Centers



Model-Driven Validation



A Detective Story

You have accounting records for two firms that 
are in dispute. One is lying. How to tell? 
!
Firm A    Firm B

283.08 

153.86 

1448.97 

18595.91 

21.33

25.23 

385.62	
   

12371.32	
   

1280.76	
   

257.64

283.08 

353.86 

5322.79 

8795.64 

61.33

75.23 

185.25	
   

9971.42	
   

4802.43	
   

57.64

Amt. Paid:	
  $34823.72 Amt. Rec’d:	
  $29908.67



A Detective Story

You have accounting records for two firms that 
are in dispute. One is lying. How to tell? 
!
Firm A    Firm B

283.08 

153.86 

1448.97 

18595.91 

21.33

25.23 

385.62	
   

12371.32	
   

1280.76	
   

257.64

283.08 

353.86 

5322.79 

8795.64 

61.33

75.23 

185.25	
   

9971.42	
   

4802.43	
   

57.64

Amt. Paid:	
  $34823.72 Amt. Rec’d:	
  $29908.67

LIARS!



Benford’s Law (Benford 1938, Newcomb 1881)

The logarithms of the values (not the values 
themselves) are uniformly randomly distributed. 
!
!
!
!
!
!
!
Hence the leading digit 1 has a ~30% likelihood. 
Larger digits are increasingly less likely.
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Benford’s Law (Benford 1938, Newcomb 1881)

The logarithms of the values (not the values 
themselves) are uniformly randomly distributed.

Holds for many (but certainly not all) real-life 
data sets: Addresses, Bank accounts, Building heights, …

Data spanning multiple orders of magnitude.

Evidence that records do not follow Benford’s 
Law is admissible in a U.S. court of law.



Secrets of the Agile Data Wrangler

1. Data is never clean 
2. Function follows form 
3. Expose your data 
4. Statistics & graphics: better together



Secrets of the Agile Data Wrangler

1. Data is never clean 
2. Function follows form 
3. Expose your data 
4. Statistics & graphics: better together 
5. Wrangling is not distinct from analysis



Bringing it All Together



Trifacta. Confidential & Proprietary. 

TECHNOLOGY TRENDS

Moore’s Law provides exponential growth in…  
Storage capacity per dollar 
Analytical bandwidth per dollar 
Data production per dollar 

!
Moore’s Law provides near-zero growth in… 

Labor pool 
Individual programming ability 
Individual visual acuity 
Hours in the day 

!
Possible Solutions? 

Better automation 
Higher-level abstractions for humans 
Combinations of the two
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Trifacta. Confidential & Proprietary. 

PREDICTIVE INTERACTION TM 

Think of transformation happening on two planes: 
Data Visualization 
Code 
!
Good wranglers “trampoline” 
Work at the coding level, periodically validate at the visual level 
!
Predictive interaction flips the paradigm 
Work at the high level: visual feature identification 
Software predicts the low level: auto-generated code 
Choose (low) and preview (high) 
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Grounded Syntax

Visualization and Interaction 

PREDICTIVE INTERACTION TM

User interacts 
with data 
visualizations

Data previews 
allow user to 
choose, adjust 
and ratify

Algorithms 
predict desired 
action based on 
data + context



Trifacta. Confidential & Proprietary. 

IS AUTOMATION THE ANSWER?

Example: SF Restaurant Violation Data.   
http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection!
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb

http://blog.zipfianacademy.com/post/57158627293/how-to-data-science-mapping-sf-restaurant-inspection
https://data.sfgov.org/Public-Health/Restaurant-Scores/stya-26eb


W. Cleveland, The Elements of Graphing Data 
http://www.amazon.com/dp/0963488414 

W. Cleveland, Visualizing Data.  
http://www.amazon.com/dp/0963488406 
Kandel, et al. Enterprise Data Analysis and Visualization: An 
Interview Study.   
http://vis.stanford.edu/files/2012-EnterpriseAnalysisInterviews-VAST.pdf 

!
Dasu & Johnson, Exploratory Data Mining and Data Cleaning 
http://www.amazon.com/Exploratory-Data-Mining-Cleaning/dp/0471268518 

Hellerstein, Quantitative Data Cleaning for Large Databases  
http://db.cs.berkeley.edu/jmh/papers/cleaning-unece.pdf 
Getoor & Machanavajjhala: Entity Resolution: Theory, Practice & 
Open Challenges  http://www.cs.umd.edu/~getoor/Tutorials/ER_VLDB2012.pdf

Resources

http://www.cs.umd.edu/~getoor/Tutorials/ER_VLDB2012.pdf
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